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if mpi.get_rank() <= m:
grid = mpi.comm_world.split(®)
else:
eval = mpi.comm_world.split(
mpi.get_rank() % n)

if mpi.get_rank() == 0:
grid.scatter(
, root=e) @ray.remote
print(grid.gather(root=8)) def rollout(model):
elif @ < mpi.get rank() <= m:
params = grid.scatter(None, root=0)
eval.bcast( @ray. remote

params), root=@) def evaluate(params):
results = eval.gather( model = params
result, root=0) results = [rollout.remote(model)
grid.gather(results, root=0) for i in range(n)]
elif mpi.get_rank() > m: return results

model = eval.bcast(None, root=e) param_grid =

result = (model) print(ray.get([evaluate.remote(p)
eval.gather(result, root=e) for p in param_grid]))
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TEFE RS0 I 1 Python 25, I HLIX 26 actor F0i/F7E B ECIE ) R R R 8 o8 £ 1)
actor I ZHESS, XL TIRATRZ R TE K

JTHEEPERE, Ray S24L TIE IR ART 2 B E RE, It
LN GAAE AR SR B EARA R BE HIIL S, 5 A5 R, RATRAE
% A4 mEp 2P e E SRR

A3 BUFIMMRER

A RLIb #4790 X PATHEE, DAHEBENTRRE 7. 2555403
7% p FIHARREL L, iXSUT DATEARA R B2 S REZR 38 7€, 1346 TensorFlow Al
PyTorch, RLIib $2HL T SRBEIPALZR RIS ALAL RS, FT SC8 01 ORI A A 3R
SIIEZ
A3.1 FKEEITEERMENX

AL A4 RLLD AR, T P — RIS o, K24 B o, I
(FI#E) RNN [ RRECRAS A, BLE]—NEIME a, F1TR—A4> RNNCIRES Ay o AR
PE ME v, (040, (EF. TD $%22) tn]pAiR[H :

79(0,, By) = (@, Byyyy y1, -+, ¥N) (A-1)

KEBEFAB LG E— N PD G TR p, B DA —IER X, ¢ P17
Arfe, Hirp K 2NN BICHL {(op by ap Byg g, ) s v o1 0D e BEAL 7, A
041 FR t WZIRIATEN a, 2 J5 T RASH KA HT R VLIRS o i Ak 2 R 5018
ML) A SRR AT (GAE) FISE G486 ik (HER) ., 4T S H2 8 fE
PRERSE, % BB BRI P AN BRI BRSO th 2 AT DARY -

pH(X[’KaXZI’Ka '”’XII,JK) = Xpost (A_Z)
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w, PCOMR ISR s, SR EARMZE, BUEJREEAE o] Sl s -
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£ RLIib SEBLA, AR sl RO P 2 b i S, TR R

abstract class rllib.PolicyGraph:
def act (self, obs, h): action, h, y*
def postprocess(self, batch, b*): batch
def gradients(self, batch): grads
def get_weights
def set_weights
def u*(self, args*)

A3.2 RE&IT(4ER

N TR ST H R, RLIb 24t 7 — 4 Iifif PolicyEvaluator
2, BT — AR A, I B3 sample () FRIBCH A FEHLRAERY
ot RIS PEA &% 5L B AT DAME SN Ray actor, FRAETHIEAERE o & | DASE B 4T
o 2B 015, ATRAE B — At/ MY TensorFlow SEMEHE FEITVASE L, BT
rllib.TFPolicyGraph ff :

class PolicyGradient (TFPolicyGraph) :

def _ init_ (self, obs_space, act_space):
self.obs, self.advantages = ...
pi = FullyConnectedNetwork (self.obs)
dist = rllib.action_dist (act_space, pi)
self.act = dist.sample()
self.loss = —tf.reduce_mean (

dist.logp(self.act) * self.advantages)
def postprocess(self, batch):
return rllib.compute_advantages (batch)

RIS B S, Pl LA Z A KIS TP R Rl A ev, HFEREAEIA
Fiff ev.sample.remote (), MIEEHFHATIREZL L . RLIb 3 OpenAl
Gym. & LHEsE, W7 Rt B ifl4s (4 ELF):

evaluators = [rllib.PolicyEvaluator.remote (
env=SomeEnv, graph=PolicyGradient) for _ in range (10) ]
print (ray.get ([ev.sample.remote () for ev in evaluators]))

A.3.3 RE&ILILER
RLIib 5K 1 52 73 0 5 S0A A 56 i SRS 1R T R -5 B9k T R SR A Ak
AR o SRISHLAAR DT AT FORRE . SRR AR PLE S X S BE
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F PRl AR — A s oAb, Rl 51 LA R as R AR E. =
AL P B AT N RTEZ A CPU AT ERE (F A4(©) - FA
optimizer.step () #AP&iBAT—HICARAT 55 R PRI . HEP U 2% R B
2 18], b n] DA IR SRS BRI AS, And TR N ZRae i R -

optimizer = rllib.AsyncPolicyOptimizer (
graph=PolicyGradient, workers=evaluators)
while True:
optimizer.step ()
print (optimizer.foreach_policy(
lambda p: p.get_train_stats()))

FEME A A AR RE AT A N AR BT B Ak e 2 it Ak 2y > it . — P2y
BRREE TR ALARSEIE T step(L(6), X, 0) = 6, RLIib SRS LA A 7E M BER F 5 3F
—b  TEA R ] G FN— LR AL AR R A B3R, BT, step(G, evy, -+, ev,, 0) =
Oopts FFIRAL 2 T [ SRAE Wy BOAVE B0 AL B — 343 (RPAE SR B Al % A 1
sample () BRELLAF=A B0 EEE ) -

FERmg LA AR A R BA AT U0 Tl R TSR -5 SR U A s 0E
I, SRR FERIOCAES AT A R sk, AR RN R (- A ke, AR
o B MU YR ARy o RIS RIS T SR I ER A H,, 5 ]
DA R R RS S BUETT EIR ATE—E, A SR EA
[ AR 2 S HE SR el RN A

grads = [ev. (ev. ()) samples = concat([ev. O grads = [ev. (ev. 0) f luators

for ev in evaluators] for ev in evaluators]) for ev in evaluators] for _ in range(NUM_ASYNC_GRADS):
avg_grad = aggregate(grads) pin_in_local_gpu_memory(samples) for _ in range(NUM_ASYNC_GRADS): grad, ev ads = wait(grads)
local_graph.apply(avg_grad) for _ in range(NUM_SGD_EPOCHS): grad, ev, grads = wait(grads) for ps, in split(grad, ps_shards):
weights = broadcast ( local_g.apply(local_g.grad(samples) local_graph.apply(grad) ps. g)
local_graph.weights()) weights = broadcast(local_g.weights()) ev. ( ev. (conca t(
ev in evaluators: for ev in evaluators: local_graph.get_weights()) [ps. () for ps in ps_shards])
grads.append(ev. (ev. [O))) grads.append(ev. (ev. 0

() &R (b) A% GPU ©) RHITH (d) 7 | 2R S5 A%

Kl A-4 PU%H RLIb SO an 22 BT iR i D ARG o ERUCTR DAL pR ST, TR AR L SRS
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Ne

ors: ] ators:
(weights) ev. (weights)
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