PPO - Proximal Policy
Optimization

Bad
action

Critic

NN TV

G

itHub 7 21w

1NN A
VTN JIND
D'D>IVY Nnr'a
NNWTNII NNYINDY


https://github.com/MarkmanGilad/Actor-Critic-n-step

S :‘

U 2 z"'ﬁ

AR /::r.{,

N\
J1'nn NP
VTNN PIND

D'DVYY n'a
NNYTNI1I NRINDI

2017 niwa OpenAl NNann DMPIN W YXN2 DONIS PPO DNMIA7KRN °

Proximal Policy Optimization Algorithms

NINNT NI

John Schulman, Filip Wolski, Prafulla Dhariwal, Alec Radford, Oleg Klimov
OpenAl
{joschu, filip, prafulla, alec, oleg}@openai.com

NIMP'Y NITIZY WA INIR 19wl Actor Critic 7V 00lIan DNMIAPRN ©

.n-step & Batch optimization 2 win'w -

Actor NI NX NavNnn DN'NN DwY Y YRt pTve? nptdo Nime'o e
.TRPO — Trust Region Policy Optimization 7y nooian ny'1d0N

.GAE — Global Advantage Estimation Nniy¥xnxa Advantage n 2IW'N 1I9'Y °

ChatGPT :1a> D'2Iman m1an '27m [M'X7 DI wnwn n7T DDA °
.D"NNI


https://arxiv.org/abs/1707.06347
https://arxiv.org/abs/1707.06347

Trust Region Optimization

SGD — Stochastic NIy¥nX2 NWY1 DIN'IIN DY 7W DNVNT9AN |DTY  °
.SGA — Stochastic Gradient Ascent IX Gradient Descent

"DV DFTY¥A" NN 7Y [11']2 D'YVNISN NN DDTYN NNIX °

DX DA "'"T' 0*21TA" [IDTY *TYX Y¥27 1IN'NN Vam X7 SGD w X' n'van »
.IN1 learning rate 2 D'wnnwn

/4
o a NV
XV
N

J1’nn N*p
VTnin JINRD
D'DVYY n'a
NNYTNI1I NRINDI



'
S T
e

Trust Region Policy Optimization
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GAE — General Advantage Estimation
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GAE and N-step Optimizatiom
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chkpt: 85 Level: 2 epoch: 1146
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def learn(self, next wval):
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state_arr, action_arr, log_prob_arr, val_arr, reward_arr, done_arr

# Skip learning if too few

if len{state arr) < 2:

self.entropy coefficient =-max{SelF.min_entﬂnpy_coeFf, self.entropy coefficient * self.entropy decay rate)

# Compute advantages and returns

advantage, returns = self.calculate advan

for 1 in range(self.n_epochs): -

self.memory.clear_memory()

self.wandb{values = val_arr.mean(), returns = returns.mean(), advantage=advantage.mean(),
critic losses= stat.mean(critic losses), actor losses=stat.mean{actor losses),
total losses= stat.mean(total losses), entropy= stat.mean{entropy values))

self.critic.scheduler.step()

self.actor.scheduler.step()

self.memory.clear_memory()
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Learn

tage and returns{reward arr, val arr, done_arr, next val)

self.memory.get_arrays()

1NN NP
VTN PIND
D'DIVYY Nn'a
NNYTNI1I NRINDI

Actor Critic n- 7w N'N1197 TINN AIT TI'70 NUXPAIS NIKYT7 NAY '9) °

.step



\S S
‘.‘”’ A '.;{’
N \Q&‘!’\”sa
arn
yITna pPIaNd

D'DIyYY Nn'a
NNYTNI1I NRINDI

.ratio nIv¥xnxa Actor_loss n 21w'NA 70 TynnNn Ivn e
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for i in range(self.n_epochs):

batches = self.memory.generate_batches()
# Calculate critic loss (value function loss)

critic_loss = F.mse_loss(critic_value, batch_returns)

for batch in batches:
# Prepare tensors from the batch indices
states = T.tensor(state_arr[batch], dtype=T.float).to(self.actor.device)
actions = T.tensor{action_arr[batch]).to(self.actor.device)
batch_advantage = advantage[batch].to(self.actor.device)
batch_returns = returns[batch].to(self.critic.device)
old log probs = T.tensor{log prob_arr[batch]).to(self.actor.device)

# Entropy bonus for exploration
entropy = dist.entropy().mean()

# Combine losses: note that critic_actor_ratio scales the falLE loss,

m M

# and the entropy bonus is subtracted (to maximize entropy
total_loss = actnr_lass + self.critic_actor_ratio * cr1t1c_loss y

# Compute the current policy distribution and associated log probabilities - self.entropy_coefficient * entropy

dist = self.actor(states)
new log probs = dist.log prob(actions)
critic_value = self.critic(states).squeeze(-1)

I_ll'.l

ing-
backward pass and optimization
self.actor.optimizer.zero_grad()
self.critic.optimizer.zero_grad()

total loss.backward()
self.actor.optimizer.step()
self.critic.optimizer.step()
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# Compute the probability ratio

ratio = T.exp(new_log probs - old log probs)

# Compute the clipped objective

surrl = ratio * batch_advantage

surr2 = T.clamp(ratio, 1 - self.clip epsilon, 1 + self.clip epsilon)\
* batch_advantage

actor loss = -T.min{surrl, surr2).mean{)
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G n aw'n m> GAE awn -
advantage = np.zeros like(reward arr, dtype=np.float32) j |Tnn I ; nl7 nn nl7 q IO nn nwy]

f calculate advantage and returns(self, reward arr, val arr, done_arr, next val):
running gae = 8

for £ in reversed{range(len{reward arr))):
if £t == len(reward arr) - 1:

1 70% A%w un

done - done_arr([t] NNIX n-step D'AYNN 1IXY |II'D °

next wvalue = next_val

¢}

2l5e;

done = done arr[t + 1]

X7 DX D'pT1Al value(s) 0'9'on

next_wvalue = val_arr[t + 1] _V(S) - O TNW IDIO anb I]uan

delta = reward arr[t] + self.gamma * next value * (1 - done) - val arr[t]

running gae = delta + self.gamma * self.lmbda * (1 - done) * running_gae nl71|7n n‘x p]lgn

advantage[t] = running_ gae

returns = advantage + val_arr

,Q0111 °
INKX7 2¥NN Y D'NY next_val
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return advantage, returns
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dist = self.actor(states)
new log probs = dist.log prob{actions)
critic value = self.critic(states).squeeze(-1)

ratio = T.exp(new log probs - old log probs)

condl = (ratio < (1 - self.clip epsilon)) | (ratio > (1 + self.clip epsilon))

cond2

{ (batch_advantage > @) & (ratio » 1)) | ((batch_advantage < @) & (ratio < 1))

condition = condl & cond2

raw_actor loss = -batch_advantage * new log probs
actor loss = (T.where(condition, T.zeros like(batch_advantage), raw _actor loss)}.mean{)

PPO 8¢

score
PPO83 e

> @




J1’nn N*p
VTnin JINRD
D'DVYY n'a
NNYTNI1I NRINDI




	PPO - Proximal Policy Optimization
	PPO
	Trust Region Optimization
	Trust Region Policy Optimization
	PPO
	PPO
	הסבר הרציונל מאחורי ה PPO
	הסבר הרציונל מאחורי ה PPO
	הסבר הרציונל מאחורי ה PPO
	חישוב הנגזרת
	הסבר הרציונל מאחורי ה PPO
	GAE – General Advantage Estimation
	GAE
	GAE and N-step Optimizatiom
	מימוש PPO במשחק �Space Invaders
	Space Invaders PPO
	Learn
	Learn
	GAE Advantage
	תוצאות הרצה 12000 משחקים
	PPOG – PPO Gilad Version
	PPOG  - PPO Gilad Version
	Slide Number 23

