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CHAPTER 1

KA H il A AfiHE PyPIA conda-forge i, F5% Python it 3.6 PA L.
L PyPI jEf 72046 -

’$ pip install tianshou

i conda HEAT4E%E -

’$ conda -c conda-forge install tianshou

] A3 GitHub Y5 AR SR8 A AT 222 -

’$ pip install git+https://github.com/thu-ml/tianshou.git@master —--upgrade

TELESERR T, FTIT Y Python FHfi A

import tianshou
print (tianshou.__version_ )

WEREA FFELI, BABHE L WD LET .

1.1 Deep Q Network

RBESR AL I TE R 2 I A 5 R BLCHE, LA DQN [MKS+15] st & —MRAFIIPI T, 7E Atari Jiptrh—1t
N TEARBRE T, FA2ZP R TTE Cartpole 4155 LA RIZUNZE—A> DON FhEMA. 528 RS AL
T test/discrete/test_dqn.py.

ARSI PG (il RLIb) AR, BAFESE. M55 TR config.yaml, KM
R _ERRAL T — AR R E .



https://pypi.org/project/tianshou/
https://github.com/conda-forge/tianshou-feedstock
https://github.com/thu-ml/tianshou/blob/master/test/discrete/test_dqn.py
https://github.com/ray-project/ray/tree/master/rllib/
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1.1.1 QIEINE

e E SRR BRI . PR AR OpenAl Gym., J21TH1F iy

import gym
import tianshou as ts

env = gym.make ('CartPole-v0")

CartPole-v0 2 — MR B B sl fE 25 Al 7 5, DQN L2 1 MBI RRAT 55« A6 Bl T AS [ P 28 1 i A 2
SJRNENT, R TR AN AR Y N AE B RIS R S 1813 5 1 ELEEh S Mg E R, g DDPG
[LHP+16] 5t L BE IITE RSB 25 (AR 55 0, HAMLBE T Semé bt BE O S0 mT DA TR AR B N3 v

1.1.2 FITIMR RIS
BEALTE ANZRIRSEANMIRIREL . B R gym. Env 24882 0] AR -

train_envs = gym.make ('CartPole-v0")
test_envs = gym.make ('CartPole-v0")

RIZFIRAE T B EREMiZE, il VectorEnv., SubprocVectorEnv fil RayVectorEnv, AJPAS N
XA -

train_envs = ts.env.DummyVectorEnv ([lambda: gym.make ('CartPole-v0') for _ in._
—range (8)])
test_envs = ts.env.DummyVectorEnv ([lambda: gym.make ('CartPole-v0') for _ in.

—range (100) 1)

BEANFE train_envs 857 T 8 NS, FF test_envs @5 1 100 MK, RN T REBRAEE, MHEH
HRHLARR

1.1.3 EBIIMLE
REEFHETRI P LA s, (R 250 0REE AP, HEAMR T A

import torch, numpy as np
from torch import nn

class Net (nn.Module) :
def _ _init__ (self, state_shape, action_shape):
super () .__init__ ()
self.model = nn.Sequential (*[
nn.Linear (np.prod(state_shape), 128), nn.RelLU(inplace=True),
nn.Linear (128, 128), nn.RelLU(inplace=True),
nn.Linear (128, 128), nn.RelLU(inplace=True),
nn.Linear (128, np.prod(action_shape))
1)
def forward(self, obs, state=None, info={}):
if not isinstance (obs, torch.Tensor):
obs = torch.tensor (obs, dtype=torch.float)
batch = obs.shape[0]
logits = self.model (obs.view(batch, -1))
return logits, state

(N IUakRED)
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(8 E70)
state_shape = env.observation_space.shape or env.observation_space.n
action_shape = env.action_space.shape or env.action_space.n
net = Net (state_shape, action_shape)

optim = torch.optim.Adam(net.parameters (), lr=1le-3)

E S 28RN -
s WA
obs, WMME, A numpy.ndarray. torch.Tensor. #{F HEXHZE. BiF 7L
state, FRECIRSTFE/R, M RNNEH, AIPAUHFHE#H numpy . ndarray 8{3# torch.Tensor
info, MEIFEE, mEMERML, 27

o Hih

- logits: WZHEIARIH , SBARTIER Policy, kit Q {H, #AJ57E DQNPolicy 54k 23 i/
— 5 argmax, Q(s,a); XHHN PPO [SWD+17] Fiykh, Qs X f s lirsfems, W logits
N (mu, sigma)

- state: —F*/[\E%'ﬁ’{j(ﬁ, ﬂsz%jﬂT RNN

—WEZE NI L NER MLP M4 7] PLFE tianshou.utils.net.common. tianshou.utils.
net.discrete fll tianshou.utils.net.continuous F$LF|,

1.1.4 Mia{tsREg

FATE R ACRS g i net Ml optim, PAMHAWEZSEL, KiE L—A%Mg. MAEE LT — A HARM
#% (Target Network) ) DQN 1 :

policy = ts.policy.DQNPolicy (net, optim, discount_factor=0.9, estimation_step=3, .
—target_update_freg=320)

1.1.5 ENLFRKESS

RSds (Collector) J2 REZHH—DREMRE . ©E LT RG-SR RIS HRYZHE . 1fEfE—mf (step) 1,
RGBT SHERHAGER A (BD) B BEE R, I B AR Bt e g X

train_collector = ts.data.Collector(policy, train_envs, ts.data.
—ReplayBuffer (size=20000))
test_collector = ts.data.Collector (policy, test_envs)

1.1.6 {EAlZRR SR EE

KPR TR ZEA )| ity , onpolicy_trainer fll offpolicy_trainer, 4N} E [F] 5 0& =% > il
SRR . AR FE stop_fn BB EHME(TE IEYIZE. T DQN & —fh S kg 5k, il
offpolicy_trainer #fTi)ll%::

result = ts.trainer.offpolicy_trainer (
policy, train_collector, test_collector,
max_epoch=10, step_per_epoch=1000, collect_per_step=10,
episode_per_test=100, batch_size=64,

(R ItEkss)
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train_fn=lambda epoch, env_step: policy.set_eps(0.1),

test_fn=lambda epoch, env_step: policy.set_eps(0.05),

stop_fn=lambda mean_rewards: mean_rewards >= env.spec.reward_threshold,
writer=None)

print (f'Finished training! Use {result["duration"]}'")

BASH ARG T

ma)x_epochi R AV R, ArTReilgoeix a2 el (B RE T stop_fn M5
{68

step_per_epoch: fi> epoch ZLHTHTZ A UMK 45

collect_per_step: FRRKEFTATZNEL DIWIGIHEIN R HLSE. L UHSEGEERE, flEE
10 WTEAT— IR M 45 5T

episode_per_test: FRRIMRAIHEIE LA rollout PEATI,
batch_size: BRRIEMETHE ML B AL B2 /D HdE

train_fn: fERE epoch YIZEZ BRI, i A M 2 A2 JL4E epoch R4 BT TR env
—Istep TEAW. EHBCHEEWE , FEEIIZRRTRF epsilon IE K 0.1

test_fn: fERRA epoch ML AIGA MR &L, HA M2 L A5 JL4E epoch A4 i 1 T2k env —
Hstep T2 ERISERE , FERRIHTR epsilon BE Y 0.05

stop_fn: {EIFEAE, WA YEEY B A EI3R (the average undiscounted returns ), 3% [ 275 B4E [
Yk

writer: RS TensorBoard, W PABFIHXAERI AL :

from torch.utils.tensorboard import SummaryWriter
writer = SummaryWriter ('log/dgn')

18 writer SEIEE, YNGR & A BB NG H B0 B .
GRasR M A ZE R R A7, AR R

{

}

'train_step': 9246,
'train_episode': 504.0,

'train_time/collector': '0.65s"',
'train_time/model': '1.97s',
'train_speed': '3518.79 step/s',

'test_step': 49112,
'test_episode': 400.0,

'test_time': '1.38s"',
'test_speed': '35600.52 step/s',
'best_reward': 199.03,
'duration': '4.01s'

" PAF HORAE 4 Bl A CartPole 4T 55 Ll 2k >k —> DQN B EfA, 7E 100 F& 1 -3 51 2 il 1] 41 Sy
199.03,
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1.1.7 &g, SAKE
PMSKIE AR T torch.nn.Module, FrPAfFREFISA KNG PyTorch Wi R 455 To22 5, 7T Fii -

torch.save (policy.state_dict (), 'dgn.pth')
policy.load_state_dict (torch.load('dgn.pth'))

1.1.8 TIHl{L EREFEIRIL
RAEdr Collector SCRHEPFREMMAIL. NIRRT LA 35FPS B £ 7 3 A (A R 2L -

policy.eval ()

policy.set_eps(0.05)

collector = ts.data.Collector(policy, env)
collector.collect (n_episode=1, render=1 / 35)

1.1.9 EFILIISH2S

KN T AN S P E LI 2588, 78 Trainer (50 7R REAIUERYE . BT LA AR S 1 O
WG,

# EERNEREKE 5000 BiHdE
policy.set_eps (1)
train_collector.collect (n_step=5000)

policy.set_eps(0.1)
for i in range (int (1e6)): # 4 L%
collect_result = train_collector.collect (n_step=10)

# WRUSEH episode FHEEMBEMMBILT L, RESHE 1000 ¥,
# /’f)[é?\xij— policy }H’T/W’Jﬁ

if collect_result|['rew'] >= env.spec.reward_threshold or i % 1000 == 0:
policy.set_eps(0.05)
result = test_collector.collect (n_episode=100)
if result['rew'] >= env.spec.reward_threshold:
print (f'Finished training! Test mean returns: {result["rew"]}"'")
break
else:

# EHRE eps K 0.1, ZrNEEE
policy.set_eps(0.1)

# R A ) B BOYE AL HEAT R R

losses = policy.learn(train_collector.sample (batch_size=64))

1.1. Deep Q Network 7
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1.2 BFREE

KA RL Y A 5 T LA T trainer (§U3EUIZ2 %) . collector (FUFHIRRA) . policy
(SIEUNLEEME) A buffer (GUIREGRTFRE), BCONEATIAIMERIBE, 42 env, —4>2 model (policy
3 RL 57756 BLHCAN loss function T, model st FUZAMIE BRI 4 ) o T IR Tk B R B el

Trainer

collector.collect ()

collector.sample () policy.learn(]

model{}‘

Policy . Model
Batch

buffer.add() | Batch Batch policy.process_fn{}
Buffer

FATHLET Batch {10 N IIYE B BURT RO BURAEH , ERER T IOUGHAL, TTOAMK PR 41
ORISR, (@ TR

«env.step()
i Collector

1.2.1 Batch

>>> import torch, numpy as np
>>> from tianshou.data import Batch
>>> data = Batch(a=4, b=[5, 5], c¢c='2312312"', d=('a', -2, -3))
>>> # the list will automatically be converted to numpy array
>>> data.b
array ([5, 51])
>>> data.b = np.array([3, 4, 51])
>>> print (data)
Batch (

a: 4,

b: array([3, 4, 51),

c: '2312312",

d: array(['a', '-2', '-3'], dtype=object),
)
>>> data = Batch (obs={'index': np.zeros((2, 3))}, act=torch.zeros((2, 2)))
>>> datal[:, 1] += 6
>>> print (data[-1])
Batch (

obs: Batch(

index: array([0., 6., 0.1),
) 14
act: tensor([0., 6.]),

8 Chapter 1. %3
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M2 R DA SUARAR key-value JiAE Batch HLYE, SR 5 AT AR — 248 B B AE FL A0 +-*. cat/stack 22 2511,
Understand Batch BLF #4048 T Batch f4&-FpHE, EHES—F-

1.2.2 Buffer

ReplayBuffer FITTA7 AR AIRAE R T policy MY YIZh. HAIREORE T 7 4~ 1E Buffer J1
T :

* obs t I ZI WL AE ;
e act t NZIRIREISIEE
o rew ¢ I ZIFREIR ] ) 525l pR K1 5
* done t I ZI2 45X episode;
e obs_next t+ 1 B2 B3 I{E ;
s info ¢t MZFGAIAHIMEE (gym.Env 2aR[E] 4 KW, RE—M2E);
« policy t B ZIH policy 715 H H 7 EARSMEf Bl ;
R O B R T Buffer F— g0 3% :

>>> import pickle, numpy as np
>>> from tianshou.data import ReplayBuffer
>>> buf = ReplayBuffer (size=20)
>>> for i1 in range(3):
C buf.add (obs=1i, act=i, rew=i, done=i, obs_next=i + 1, info={})
>>> buf.obs
# AARET size = 20, frlk len(buf.obs) == 2
array((0., 1., 2., 0., 0., 0., 0., 0., 0.,
0., 0., 0., 0.1)
>>> # [EREHRA 3 MEWEE, B len(buf) == 3
>>> len (buf)
3
>>> pickle.dump (buf, open('buf.pkl', 'wb')) # & buffer FiAHIEHRTFE "buf.pkl"
>>> buf2 = ReplayBuffer (size=10)
>>> for i in range(15):
C buf2.add(obs=i, act=i, rew=i, done=i, obs_next=i + 1, info={})
>>> len (buf2)
10
>>> buf2.obs
# EA buf2 # size = 10, fIlER&FMEKEE 10 FHER
array([(10., 11., 12., 13., 14., 5., 6., 7., 8., 9.1)

© o

>>> # {8 bur2 WHEWNE bur BW, [FEERFFAMHEITF

>>> buf.update (buf?2)

array([ 0., 1., 2., 5., 6., 7., 8., 9., 10., 11., 12., 13., 14.,
0., 0., 0., 0., 0., 0., 0.1)

>>> # M buffer EWE—MHEANLWIE, batch_data Ht& buf[indice]

>>> batch_data, indice = buf.sample (batch_size=4)

>>> batch_data.obs == buf[indice] .obs

array ([ True, True, True, Truel)

>>> len (buf)

13

>>> pbuf = pickle.load(open('buf.pkl', 'rb'")) # load from "buf.pkl"
>>> len (buf)

3

&
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ReplayBuffer if ZHiHB REE (ST RNN, {£IEEH Issue 19). A1ESE obs_next (A THLYHLE), PAK

R EIRS A (X2 Batch SCRFRY) -

>>> buf = ReplayBuffer(size=9, stack_num=4, ignore_obs_next=True)
>>> for i in range(16):

done = 1 % 5 ==

buf.add (obs={'id': i}, act=i, rew=i, done=done,

R obs_next={'id': i + 1})
>>> print (buf) # H AN obs_next IHAEBWGEHE
ReplayBuffer (

act: array([ 9., 10., 11., 12., 13., 14., 15., 7., 8.1),

done: array([0., 1., 0., 0., 0., 0., 1., 0., 0.1),

info: Batch{(),

obs: Batch(

id: array([ 9., 10., 11., 12., 13., 14., 15., 7., 8.1),
) r

policy: Batch(),

rew: array([ 9., 10., 11., 12., 13., 14., 15., 7., 8.1),
)
>>> index = np.arange (len (buf))
>>> print (buf.get (index, 'obs').id)
[r 7. 7. 8. 9.

]
[ 7. 8. 9. 10.]
[11. 11. 11. 11.]
[11. 11. 11. 12.]
[11. 11. 12. 13.]
[11. 12. 13. 14.]
[12. 13. 14. 15.]
L 7. 7. 7. 7.1
[ 7. 7. 7. 8.1]

>>> # W PXEB Y stacked ItH obs
>>> np.allclose (buf.get (index, 'obs')['id'], buf[index].obs.id)

True

>>> # P _ getitem K FH obs_next (BRARFKF)
>>> print (buf[:].obs_next.id)
[[ 7. 8. 9. 10.]

[ 7. 8. 9. 10.]

[11. 11. 11. 12.]

[11. 11. 12. 13.]

[11. 12. 13. 14.]

[12. 13. 14. 15.]

[12. 13. 14. 15.]

[ 7. 7. 7. 8.]

[ 7. 7. 8. 9.1]

FAF RS T HAM ST buffer Al ListReplayBuffer (T list), PrioritizedReplayBuffer (3

TEREH) o ATRATT R0 R Y SCRY R AL

10
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1.2.3 Policy

R4 RL BEH— MK H BasePolicy MZREH, FEMERHEWTFILA:
o __init__ () : SREEYIAMG, LRWRIEGRIE A B AR
* forward () : ARHEZERVLIE obs, T H IR action;
. %rgzcess_fn () + FEARBU SRR 2 B Al buffer #7220, LUl il GAE (3% nstep kKAl THE S
ESEAE
* learn () : f§i fl—> Batch [WEHEEA T SRME I B 5T
* post_process_fn () f#i—> Batch {5z 347 Buffer (55 (LW 5 PER);

* update () : FFEZEMHE M. X update pKEL G2 M buffer SRAF i —4> batch, #X )5 H] process_fn
AL FR, FR)5 learn BHFr 5K WS, #R)5 post_process_fn 52 i — K £ : process_fn -> learn ->

post_process_fn,

EHREFOB B

SR AL 2F ST YN GRFRE il LA ISR+ IZRE 5 (Training state) FI 4> (Testing State) , i Y1253 1]
PAZI 43 M R SE R R BT BE (Collecting state) FIEE B MG B By (Updating state) , BB BEEE I hd F i <o it
7o g4 S, REFIEH B2 H collector TTTHY, 1M A I BB K Bt/ H policy.update 75711

TRy B SRS, WPAEE R policy . training Ml policy.updating e 4b T HARA,
pSULlINEa &y EE g

State for policy

policy.training

policy.updating

Training state

Collecting state

True

False

Updating state

True

True

False

Testing state False

policy.updating SEFR{E NN 3252 F exploration, HLUNFEAFh Q-Learning HyEH, TEARIRAY state Pt
R

policy.forward

forward pREHEIRL obs 1155 action, Hiy AFNE H i1 T RIEAA R, (HHME 0L T2 X (batch,

state, ...) -> batch,

I A9 Batch 235 T 45 9 03 (observation, reward, done Fl info), %&£ 3 H tianshou.data.
Collector.collect (Collecting state) , i 3 H “tianshou.data.ReplayBuffer.sample (Updating state) .

Batch H 1 AT A BE S —4EES 2 batch-size,

i1 L2 Batch, W% act KT, WAEME stare XHT (I TAEHL hiddle state, RNN fiiff]) |
policy KHF (policy THHIIFE PR ZAFAHE buffer B T S5H, HLAN logprob 2 8y, JHEE TN 2%
LM, PARHAD key (RARIEARLPAFAEE] buffer HLf) .

F AN AAR L ] policy BAMSK evaluate — episode, A collect 25 HiAYREEL, W DAMR T IHIX AL :

# env & gym.Env
obs, done = env.reset (), False
while not done:

batch = Batch(obs=[obs]) # #—%4 % batch size

CFITgkZD)
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act = policy(batch).act[0] # policy.forward K[ —/ batch, £ ".act” FEHEH
action Hi¥iE
obs, rew, done, info = env.step(act)

iXil Batch (obs=[obs]) £ HZl K obs A FdEAIE 2 0 4E, ik'E N batch size=1, 5 nn B
“E batch size,

policy.process_fn

process_fn HTITEBEAHEKFIEE, HANTTE n-step returns 53 GAE returns, X 1% 2-step DQN
2490, AXE

Gy =1t +yrep1 + 72 max Q(st+2,a)

7 & discount factor, € [0,1]. NHEZH TARMHREZAINZSF AR :

s = env.reset ()
buffer = Buffer(size=10000)
agent = DQN ()
for i in range (int (1e6)):
a = agent.compute_action(s)

s_, r, d, _ = env.step(a)
buffer.store(s, a, s_, r, d)
s = s_

if i % 1000 == 0:

b_s, b_a, b_s_, b_r, b_d = buffer.get (size=64)
# WHE 2-step returns, "EEWR ?

b_ret = compute_2_step_return(buffer, b_r, b_d, ...)
# B3 DON policy

agent .update (b_s, b_a, b_s b_r, b_d, b_ret)

R

M TR AT AT DA H AT 75— A T I [E) A 5 9 2 1 51313 2-step returns, process_£n () wlhie IR
MOXPESY, 436> replay buffer, SRAEIAY index (H124F-HfTA] ¢) FIRAEH R batch i frﬁo ESpogea
buffer HLIRIF 145 BRI [A) W5 £768 25 Rt . XL 2-step returns AYTT530AT DARRT TR RE A 51 -

class DQON_2step (BasePolicy) :
mmn ;E‘f\: T)@ E’Ig T,E 65 mmn

def process_fn(self, batch, buffer, indice):
buffer_len = len(buffer)
batch_2 = buffer[ (indice + 2) % buffer_len]
# EERXPMRAE] batch_2.obs A s_{t+2}, WA UKL T @R F
# batch_2 _obs = buffer.obs/[ (indice + 2) % buffer len]
# KZ#AR buffer.obs(i] A buffer[i].obs R—NEE, ERNANXFEEREER
Q = self(batch_2, eps=0) # shape: (batch_size, actlonfshape)
maxQ = Q.max (dim=-1)
batch.returns = batch.rew \
+ self._gamma * buffer.rew[ (indice + 1) % buffer_len] \
+ self._gamma ** 2 * maxQ
return batch

XML H K E I done = True WTFIL, PIIEFIHEARELRIE, (H2ERR T WHEEE U E 5110
HUPIR/S

2T policy I HALINFE, FLAZ% tianshou.policy, fEfz FHIZEH T NEVMRE: AL,
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1.2.4 Collector

Collector %7 policy 5 env fJAZ HANIBHEIENE . collect () & collector B EFHVE, B REMEFS E 1L policy
MR B2 /D n_step 4> step B(# n_episode /> episode, FHLiZIFE =4 i £74% 2 buffer .
AR SR AT R KAZMH T A buffer SRANHEIX ST (L RILH M EREEA env X BT
f)—A> buffer) . W —4 buffer 75, FFELEY 11> cache buffer, #RJ504%01% 5 episode 459 A AgKF
cache buffer HL [ ) §dii 4% #4 3] main buffer v, 53 TS BE LRI i B[] G o

X AMA S WA S, g 2A AR issue, BF3I—4 gym.wrappers.TimeLimit 7£ env ]
(42 env [ done —F /& False 7% ) ; fisi/g delayed update RS >k —E FITEREPETE, DAK 2 KR fa b At
oA (Eban PER, nstep. GAE iXFifR &, A4 buffer.sample tHiAF &L, WIS n 4> buffer (1115
ZERZA).

FAAAE BT — D EMZ TR, oAt collector A RE T2 X B 3CRS .

1.2.5 Trainer

A T Z i collector A1 policy 22 J& , #tAI PAH trainer & {11 K . Trainer 71355 L2 I 4R A9 #:H ,
BN Z DR 2 Ja A TR AR A2 B A VI Zhas 45 R SR ms 2= > Il 548 (On-policy Trainer) Hl5
Fimg2# 3]l Zke%  (Off-policy Trainer) .

KA B AN BRI A2, FEAE A T & P RN A L R R — 12, &
HOHFHMEA R K. B RARR R =S gl s, 4R 0L TR GRS 8 198 5 317 5 Hl AL I 25 SR W 1)
Tk FIPAS T 2 fl el 44 % .

1.2.6 ZMEE

AN — B Oy AURS A TR R _E ok By S R AR 1 T

# pseudocode, cannot work # Xt p RIS,
s = env.reset () # FEAMEMN, £ env FE
)
buffer = Buffer(size=10000) # buffer = tianshou.
—data.ReplayBuffer (size=10000)
agent = DON() # policy.__init__ (...)
for i in range(int (1e6)): # £ Trainer WL

a = agent.compute_action (s) # act = policy (batch,.
—~...).act

s_, r, d, _ = env.step(a) # collector.collect (..

buffer.store(s, a, s_, r, d) # collector.collect (..
. )

s = s_ # collector.collect (..
—.)

if 1 ¢ 1000 == 0: # f& Trainer W iL¥

# the following is.

—done in policy.update (batch_size, buffer)

b_s, b_a, b_s_, b_r, b_d = buffer.get (size=64) # batch, indice =_
—buffer.sample (batch_size)

# itHE 2-step returns, VEEW ?

b_ret = compute_2_step_return(buffer, b_r, b_d, ...) # policy.process_
—fn (batch, buffer, indice)

# B#H DON policy

agent .update(b_s, b_a, b_s_, b_r, b_d, b_ret) # policy.learn (batch, .

1.2. EXREE 13




X8, A70 0.3.0.post1

1.3 EEFM

ARSI T — LR B2 5 B 55

1.3.1 EEHEM%

S W S %,

1.3.2 #EFER

Z: I, BasePolicy

1.3.3 EHILINGREE

S E A 4422,

1.3.4 IMEHITRE

REFLHE T IR

* DummyVectorEnv {f i} J5UR ) for TEERSCEL, AT T debug, /INIUASLAYEREE HX AT A 2 HE AL =
/s

* SubprocVectorEnv LM, &EH

e ShmemVectorEnv & FIAIXNEZ ARSI — ook fEFREERY obs fi— shared buffer SE1Efi, B
MRELEBER Y obs FOFFAS (LN F46)

* RayVectorEnv 5T Ray iS58, WA TZ2AHL

PR R T AR R, (H2 T8 APTHRE 8y, N A nl i IR env SIZRRIAT, 1R
XA

env_fns = [lambda x=i: MyTestEnv(size=x) for i in [2, 3, 4, 5]]

venv = SubprocVectorEnv (env_fns) # DummyVectorEnv/ShmemVectorEnv/RayVectorEnv #4T
venv.reset () # XPN2REENFEZAE obs

venv.step (actions) # actions KE& env W#&E, REHMEXY env FIREE concat BEXZEW
#R

—A venv [a] 2B ok S2B AT BT, AN G 0K X B episode 28] &K venv iR X
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m
3
<
—

step with async mode, wait_num=4 and timeout=3

SRINTE B R 20 R A (syne mode), mtf% & hdse L IEIAREE . ANSREEA env step FEIF2EAR ZA0TE, X Fhi
LIFE IR/ (HANRAEA env step FERF 22 HIRKIWTE (FLAniEE 1s, /R4 10s), XA async HEIR A
T (Issue 103): HEEZRMHEHASH (SFHEb 2 —W0f7), M wait_num, FR—HEHX AL
env Z5 R Bl (HLIT 4 4> env, & wait_num = 3 i, B4 venv.step H &R [A] 4 4> env H1) 3 44
B F—A 2 timeout, Fn—HBTX AR HA env L2450 T ATEHHR HI 45 R

env_fns = [lambda x=i: MyTestEnv (size=x, sleep=x) for i in [2, 3, 4, 5]]
(D)

1.3. EEFMH 15
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(£ 50

venv = SubprocVectorEnv (env_fns, wait_num=3, timeout=0.2)
venv.reset ()

# returns "wait_num" steps or finished steps after "timeout" seconds,
# whichever occurs first.

venv.step(actions, ready_id)

Bt AR A E SCAEERTE, DA seed HUAIKAE:

def seed(self, seed):
np.random. seed (seed)

WA seed WAWET, FMIEH seed ARI2 2 RIAY seed, HPS 7 AE—FERISER, HI4TF— env BEHRE
TR, B .

1.3.5 #LABEIEA

AZHE Issue 42 fH 5.

IR EEY S log, FALFR G EHE (HLAn Atari £ resize 5| 84x84x3) . HRIEFFEE(E S B MC 5 ek B0 18
B PAXE Collector H1{fi [f preprocess_fn #11, BESESIREA Buffer 2 Bl E .

preprocess_£n $ZIf 7 Mg H X4 (obs/act/rew/done/obs_next/info/policy) , PA¥fii4l (Batch) ffE iR
T ZAE RS, AT DA R XA A

import numpy as np
from collections import deque
class MyProcessor:
def _ init_ (self, size=100):
self.episode_log = None

self.main_log = deque (maxlen=size)
self.main_log.append(0)
self.baseline = 0

def preprocess_fn (**kwargs) :
mmn ﬁli reward é{i\uav)fh"”"
if 'rew' not in kwargs:

# ZWk#* preprocess_fn RF env.reset () ZJEHEAMAMW, WK kwargs BEH RH obs

return Batch() # ZAZTEFEZEH, RER
else:
n = len(kwargs|['rew']) # Collector #éﬁﬂ”ﬁ%ﬁi
if self.episode_log is None:
self.episode_log = [[] for 1 in range (n)]

for i in range(n):
self.episode_log[i].append(kwargs['rew'] [1])
kwargs['rew'] [1i] —-= self.baseline
for i in range(n):
if kwargs|['done']:
self.main_log.append (np.mean (self.episode_log[i]))
self.episode_log[i] = []
self.baseline = np.mean(self.main_loqg)
return Batch (rew=kwargs['rew'])

2 H AR Collector 75 BH A BHEE T A— T X7 hooker:
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test_processor = MyProcessor (size=100)
collector = Collector (policy, env, buffer, test_processor.preprocess_fn)

A — L IRIAE test/base/test_collector.py I A] PAEFE .

1.3.6 RNN iJllZk

A% H 5 Issue 19 H2%

1 JeAE ReplayBuffer [ RFBH A stack_num (HEEREE) S50, F£RTEYIZE RNN IR 245 N 245 £ /0
A~ timestep $EATYI %5 -

buf = ReplayBuffer (size=size, stack_num=stack_num)

RGP 2 W KRR b state 80 & 3k, B DAL & 2% Recurrent. RecurrentActorProb #l

RecurrentCritic,

PA_EACHS A Be R T 15 ek ReplayBufer A1 28 W 254570 | AT A FH 3k 38 SRAE WL (stacked-obs) 3k
125 RNN, S A0 B 00 E (k4o stacked-action 313)1| 45 Q(stacked-obs, stacked-action)) , W] DAfHE Ff — 4~
gym.Wrapper FRBEUCIRESHE R, AT wrapper {EARSECH [s, a] BYICH

o ZHIMEIRAAE: (58,8, 1,d), ATASRISESN s
o R wrapper Z JGHIEAE: ([s,al, a, [8, @], r, d), AIDASRASHER) [s, al, PR RSN s fla

1.3.7 BELHE SRERTR

A2 H 5 Issue 38 F Issue 69 #H 3,
B, AEFEELATEST OpenAl Gym 7 X APL LTS, "Rz 1 —28:
¢ reset() -> state
* step(action) -> state, reward, done, info
¢ seed(s) -> List[int]
* render(mode) -> Any
¢ close() -> None
* observation_space: gym.Space
* action_space: gym.Space

EMA (state) A PAE—A numpy.ndarray 5 —1 Python FF8L, FUIPA FetchReach—v1 P R :

>>> e = gym.make ('FetchReach-v1")
>>> e.reset ()
{'observation': array ([ 1.34183265e+00, 7.49100387e-01, 5.34722720e-01, 1.
—97805133e-04,
7.15193042e-05, 7.73933014e-06, 5.51992816e-08, -2.42927453e-06,
4.73325650e-06, -2.28455228e-06]),
'achieved_goal': array([1.34183265, 0.74910039, 0.534722727])
'desired_goal': array([1.24073906, 0.77753463, 0.63457791])}

’

XAERGE (GoalEnv) JE A=A key BT, KAz RF IR BT M UA A -
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i

0.5347227271,

1),

11,

(@]

>>> from tianshou.data import ReplayBuffer
>>> b = ReplayBuffer (size=3)
>>> b.add (obs=e.reset (), act=0, rew=0, done=0)
>>> print (b)
ReplayBuffer (
act: array ([0, 0, 01]),
done: array ([0, 0, 0]),
info: Batch{(),
obs: Batch(
achieved_goal: array([[1.34183265, 0.74910039,
[0. , 0. , 0.
[0. , 0. , 0.
desired_goal: array ([[1.42154265, 0.62505137, 0.62929863]
[0. , 0. , 0.
[0. , 0. , 0.
observation: array ([[ 1.34183265e+00, 7.49100387e-01,
1.97805133e-04, 7.15193042e-05,
5.51992816e-08, -2.42927453e-06,

-2.28455228e-061,

[ 0.00000000e+00, 0.00000000e+00,
0.00000000e+00, 0.00000000e+00,
0.00000000e+00, 0.00000000e+00,
0.00000000e+007,

[ 0.00000000e+00, 0.00000000e+00,
0.00000000e+00, 0.00000000e+00,
0.00000000e+00, 0.00000000e+00,
0.00000000e+0011),

) r
policy: Batch(),
rew: array ([0, 0, 01),

)

>>> print (b.obs.achieved_goal)

[[1.34183265 0.74910039 0.53472272]
[0. 0. 0. ]
[0. 0. 0. 1]

5.34722720e-01,
7.
4.73325650e-06,

73933014e-06,

.00000000e+00,
.00000000e+00,
.00000000e+00,

.00000000e+00,
.00000000e+00,
.00000000e+00,

W] AR I A Buffer Hf R4 H 4 «

>>> batch, indice = b.sample(2)
>>> batch.keys ()

['act', 'done', 'info', 'obs',
>>> batch.obs[-1]

Batch (

achieved_goal:

desired_goal:

observation:
—97805133e-04,

array ([1.34183265,
array ([1.42154265,
array ([

7.15193042e-

—42927453e-06,

4.73325650e—

)

>>> batch.obs.desired_goal[-1]

'obs_next',

1.34183265e+00,

'policy',

0.74910039,
0.62505137,

05,

06,

# %, BRAREN

array ([1.42154265, 0.62505137, 0.6292986317)
>>> batch.obs[-1].desired_goal # [ it#%&
array ([1.42154265, 0.62505137, 0.629298631)
>>> batch[-1].obs.desired_goal # f %
array ([1.42154265, 0.62505137, 0.629298631])

7.49100387e-01,

7.73933014e-06,

'rew']

0.534722727),
0.629298631),
5.34722720e-01, 1.

-2.28455228e-06]),

5.51992816e-08,

-2.
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PRI A TR B E L4, #e—F forward B state Hik:

def forward(self, s, ...):
# s 1s a Batch

observation = s.observation
achieved_goal = s.achieved_goal
desired_goal = s.desired_goal

MIRUNAR LB, RS — B E R, M2 ARY . A R AL ERHIEI T8, SR
TR CHRAS /2 nx.Graph) :

>>> import networkx as nx
>>> b = ReplayBuffer (size=3)

>>> pb.add (obs=nx.Graph (), act=0, rew=0, done=0)
>>> print (b)
ReplayBuffer (

act: array ([0, 0, 01]),

done: array ([0, 0, 0]),

[

(
info: Batch{(),
obs: array([<networkx.classes.graph.Graph object at 0x7f5c607826a0>, None,

None], dtype=object),
policy: Batch(),
rew: array ([0, 0, 01),

)

T R TS0, BaARSB G, AW REZ A IRES R ARG B . I THRAH bug, &
WAEIR ARSI _E 375 UL (deepeopy ) :

def reset () :
return copy.deepcopy (self.graph)
def step(a):

return copy.deepcopy (self.graph), reward, done, {}

1.3.8 ZEEEFRIEFES

A2 H 5 Issue 121 #H %,
Z R BE R AL 2E > RMR AT DAG i =2k
1. Simultaneous move: 4 B FAERFA timestep HR[EI4TEh, Hin moba JERk ;
2. Cyclic move: HABUafinidTah, i
3. Conditional move: #fMHUZAE 2 Hi timestep "N T RERIBUWATEIZ R T245E,  HLAN Pig Game.,

X UEFLA FESRERE LN IE R RL (B, LLUNEE—4 simultaneous move H T EfiIl—~ num_agent #ric—
T, FINACHEERRRAS 2 F1 3 W4, FIRAGE—A ok BRRAERE) timestep ¥4 id 24 agent_id MBS T
ek, Hi—2H IR BRI R ATE (WTPAFRZ A~ MultiAgentPolicyManager, £ 7% fi§
RIRISACRE) , S TR EIEN, ALK E TG B agent_id, X MUEFEEKLTE
FI4BLR BT . 2T 3 Y condition, HFFEZIN—4M7F E MM mask giAT 7. KRR R ok —F#:
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f J Agent
single-agent
multi-agent
, Agentl
P—
/ s| Manager
,—
Agent2
abstract agent
AT PAYE o SC AR TE Ak R N T ) P A -
action = policy(state, agent_id, mask)
(next_state, next_agent_id, next_mask), reward = env.step(action)

FRHEQHE—F ) state: state_ = (state, agent_id, mask), A DA Z BiEEaCig:

action = policy(state_)
next_state_, reward = env.step(action)

BT, A1 T DON B PU 4L #Y demo, WIPATE XML # .

1.4 &F PyTorch MiRERILFIF BRI S5EH

X2 PDF A4 -

141 hyiEE

RIS A2 ST AR AR BUS T — RSN, FEAAE Atari Jifdk [MKS+15] . F#L [SHM+16] . & H 45 H il
[SEJ+20] FISFEM i *k Dota2 [BBC+19] % ZAFIUT TR IERE, $2Th 7 M T PR BESR b2 > i 5 5K 5 15
o B2, HETFREE R EHESTOER i 2 X — H WK i REoR . TTIR AL AR R IE
BT, DU B S AT T E AL . RIS R . ISR EREN . Se i e
BB ARG R  BFCE N R TR RIE S e, BRI AR G AT A6 ﬁ/@ﬁ%’ﬁﬁ_k
FELAG 1S A =2 ST SORIIE—22 W . R, — A RIERES] . ACR RIS . IR, A F T EEilikny it
2] - GRS U - E

EFXF AL A, AT H A4 T —AN 3T PyTorch [PGM+19] (R >F- & K. RIEZT-E0GE T 2000
RATAIS, FEHSCEL TR T ORI E . BT Q MEREL. 4G QUiE 'ﬁ’ﬁ%ﬂlﬁﬁaf FEf2 2] 45 10 A fh
TRk aE > SRR S L Bt SR TR I R B R pe R A R NG DA AT A BRI B R B, R
TSR A2 > S S AT L TR SR T E ilME , FERI B A iR Ak 2E ) T B I TR M RE XS LU VI AR
FMPBBEE . RIZEAEN PRI A SRR S BTG, BIGRIL S BRI F ERAE . P&
A B AHAE GitHub _FFFiE : https://github.com/thu-ml/tianshou/, H HiE 3RE48d 1500 A~ EFR, ZFEARFEM
FEL AT R
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?\é%iﬁ‘] gi’ﬂ:ég 9 %ﬁf{ia =

SZ LS

PyTorch

1.4.2 FEFSHER

A= T

RL g k2% >] (Reinforcement Learning)

MFRL R T 5R k2% 2] (Model-free Reinforcement Learning)
MBRL FFRER 58 k2~ 2] (Model-based Reinforcement Learning)
MARL Z R e ARk 2% >] (Multi-agent Reinforcement Learning)
MetaRL Jeifk2#>] (Meta Reinforcement Learning)

IL A4 2% 3 (Imitation Learning)

On-policy [F] SR %

Oft-policy IR

MDP R Bl R332 (Markov Decision Process)

POMDP TR BT R B et i A2 (Partially Observable Markov Decision Process)
Agent RS

7, Policy Mg

Actor e (M%), MFRPESRRE (M%)

Critic PR (M%)

s €S, State R

o c O, Observation | WWIME, AIRESH—ERS, oC s

a € A, Action e

r € R, Reward B3]

d € {0,1}, Done

ORAT, 0 FURRETH, 1 FORER

S¢,04, G, Ty, dy

A AR ¢ PIRAS . DLINME . B0 AR, RIS SRAT

P, P M EPIRES s REGEIE o 25, BRI s R P, = P{sip1 = ¢[sy = s,a¢ = a}
i TEMAPIRAS s RPENE o 2 Jgre s iR, R = Elry|s, = s,a, = a

Y PranE =+, VA A R RO PR — AN 2R, v € [0, 1]

Gy, Return FitPrnmla, Ge=> 2,7 '

m(als) BEMLIETR R, Rk BOIRAS s 2 REUNZNME o %

m(s) e PERIS , 2O IRHCIRES s 2 Ja R i

V(s) HRAE PR L (State-Value Function) , RS s X I I EE B H4rdn el 4

V7 (s) SRS XY RS R R, V7™ (s) = Ex[Gylse = s

Q(s,a) SIVE(E RS (Action-Value Function) , F£RAS s T RIGNE a ot i3 B 2t 4r 4l #iz
Q" (s,a) (SRS IO B SIAE(ELR L, Q7 (5,0) = Eanx [Gils: = 5,a: = d

A(s,a) B mEr, A(s,a) = Q(s,a) — V(s)

Batch BARH

Buffer BAngip X

Replay Buffer EN 2L

RNN a2 %% (Recurrent Neural Network )

1.4. &TF PyTorch WRERILF I FHRIT5LH 2
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1.4.3 3|8
REBLFIRRER

e 2012 4F AlexNet [KSH12] 2345 ImageNet KR K HLFEH 25, WEMZMEBYY N TFZ Uk, WH
PRES AR BR [HGDollarG17][RF18] 5 Ff HAE—R IR, TREE- IR p R SRR 5L 280 T Ak
AKHE . KB AL Y I BEZ oK, A AJGR S [TYRW14] | By7 R AR BE [REB1S] S5 E5aa (i F 8 A
22 W 25 AT e R B A B RORG JE

S AL I MR B ) de B I 2 20 el HAERR B 5 BT B 4D 90 AR B AL IR A
BT, Hean 1992 4 Ay ) FIRATI 7 A RPUFE R LB [Teso4]. FUUIRYSE b~y > SE9A R 2 i 4tk
IEIEIEEUAﬁH%IZIﬁ It Bt RSN g 5 AP RRAE , PSS PR RCR AN ELBIAE . 2013 4R 2 )5, 456
TR0 S, SR ) (R AR 2 P 5 AT R UL, B T s R By, anf il DOQN
[MKS+15] 3t Atari Jif X[ 7K -5 F A\ 7K, AlphaGo [SHM+16] 15 A TR PR BEE - R £ B
OpenAl Five [BBC+19] 7. Dota2 5v5 i i Hb 28 it W N ZRTE 42 BN, T %iﬁﬁl_mijk?‘?%‘ﬁﬁl_— kil
SRR TARRGHR . DRI SR b2y > A4 AN ER R AR AT A, SR BB AU IR . B 3h 255
WAL Gy BB AESLR A, mIR ) R

REBRCFIFHERIR

DRBEIR AL ) Sk T HAT AR ORI I R S, TosR BT EALILSE . B ORI & A PR T3
R, MINGREE TR A B EA T SO T 590 s ey ) BIRB A S S EASE—, aE— kT
A IRREMERE . S — BB P 2 A P L2 S VRO RE S, (PLCRCRIE R, VR HE S L2 )
SURIBFILH PRI R A SRR (2 ) BB Y H 2 1 DI

A BN IZ R B SR AE A 2T °F- 5 43 4E OpenAl /1) Baselines [DHK+17], SpinningUp [Ach18], JiiJ{i vl
KB TR - 2058 b S HEZE RLIb [LLN+18]. tlpyt [SA19]. rlkit [PDLN19], Garage [gc19], &2 HIH
Dopamine [CMG+18]. B-suite [ODH+20], PA K H AL FF % BJ°F- 4 Stable-Baselines [HRE+18] . keras-rl [Pla16].

PyTorch-DRL [Chr19], TensorForce [KSF17], [ 1.1 J&/s T# T Eiiib ¥ I BIE-F &M, & L1527

BAMEIR I FAAE
- \/\’ S,

 OpenAl &;;

52 Spinning Up

1L BN RIRAIRE R S B S

JLT- A Ak > -F- 5 #8 A OpenAT Gym [BCP+16] J i LY APL A 8 RIS PRG b A T 5 ELA AR R 1,
A, TensorFlow [ABC+16] {2k E A BE2E I REINF-E R 2, S 3/ 4 R Mmgh b2r S vk, KaRaF-
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B SR UIGREREEIEAT 5 L -

PyTorch [PGM+19] J& Facebook 23] Hi () — O IRIR B 24 S HESE . BT I05 . 32 R E MEAAL IX 6 B
P, ZEGBOREZ AR T T A7 E R EBE, KA TensorFlow HEE#a % . SR { ] PyTorch 455
FIR SR S HES B AR# % A7 PyTorch-DRL [Chr19] (2400+ EAR), HIGEKEE LA ) TensorFlow i
A2 2R XA TR ME SR o AR SCRAFE R —/ N5 20 Mr He s A

HAREREFIEETRE

220 % L1 BEALE A MY, H GitHub EAREA K E/N
HEF, Ak 2020/05/12

SE=EA E | FiniER ® R x| RERE B | EXRE
3 a4 (=] i il

Ray/RLIib [LLN+18] 11460 | TF/PyTorch | / B8 10/ 24065 vV 2020.5
=

Baselines [DHK+17] 9764 TF X G 2673/10411 | / 2020.1

Dopamine [CMG+18] 8845 TF1 Vv % 180/2519 N 2019.12
=

SpinningUp [Ach18] 4630 TF1/PyTorch | x 4 1656 /3724 X 2019.11
1]

keras-rl [Plal6] 4612 Keras Vv N 522 /2346 Vv 2019.11
4

Tensorforce [KSF17] 2669 TF vV 4 3834 /13609 | / 2020.5
]

PyTorch-DRL [Chr19] 2424 PyTorch N G 2144 /4307 | / 2020.2

Stable-Baselines 2054 TF1 X 4 2891/10989 | / 2020.5

[HRE+18] i

Kz 1529 PyTorch v 4 0/2141 Vv 2020.5
I

rlpyt [SA19] 1448 PyTorch vV ] 1191714493 | x 2020.4
=

rlkit [PDLN19] 1172 PyTorch v N 275177824 X 2020.3
o

B-suite [ODH+20] 975 TF2 X 7 220/ 5353 X 2020.5

Garage [gc19] 709 TF1/PyTorch | / A 5717820 N 2020.5
=

Y¥: TF A TensorFlow 455, W& R4S vl Fil v2; TF1 >k TensorFlow vl A4S, AL v2; TF2 4
TensorFlow v2 fAGHS , A& HA v R RE—REdRE s “PEPS AFFAFLESL / i H Python SC{f:
G

A 1.1 #21 GitHub BARECH B i, AEImtEZe . SR miibfl . SR sess e i, AU s . BRocilliAl i
JEHET I ALK SEAESE X EE T HCBORAT IR L s A~ ) TR SRS . X8-S HERAE A RN 4 Bl
BUDEAE— SRS, BT P AR AR S A R, AR R
o SREBEA L : DA OpenAl Baselines Sy U3, Rpag it fby > Bk sl i— AU, Jokgs A
M2 R . e AR ARSI, IR — B A AU, Aok T AR IR Y -
o USRI AME . DA Dopamine FI SpinningUp {3, Dopamine HE4EH 75 DQN Hkik, HA K
SRME BB SpinningUp HSCRPSRIEHEBE SRR, ARSEH Q 21— RIVF . MNEXRF-& B R
ARSI p2y > BRI AN 42THT

1.4. &TF PyTorch WRERILF I FHRIT5LH 23


https://github.com/ray-project/ray/tree/master/rllib
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https://github.com/keras-rl/keras-rl
https://github.com/tensorforce/tensorforce
https://github.com/p-christ/Deep-Reinforcement-Learning-Algorithms-with-PyTorch
https://github.com/hill-a/stable-baselines
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o AURSSCBISREE i DA RLID WfUEE, U2 RERERE, M AT —IRIT 4.

o SCPIA ERE: SEREAYSOR N AL S B RUREIERE, M-FE RSB T, BEEZERAI, o
TS HEZRA B o

o PEYEREAE: SRS FIRAR BEATIK, MR AEAS T 5 P RE IR 2 R BERE AR IR IHERE . 1)
XA OpenAl Baselines U3, %15 TCIR AW SCRIHFATIEURAE, 0 il gl

o WA SEROTINA: BT LGRIE T ACRD Y IR PEAN S R AT B, (HLP A e T Shagrk
Bk, A 2T R A I SR FE R -

o BEEBISEREAIL : VFZ RS A7 > SUSAORITFE AL BT S A~ > SRR i e F C 0N DR, TR it
I AE H ) FRMEFF A — & /& OpenAl Gym [BCP+16] C4E il iy, X BRP- S HESE SCRF B Z e R0,
FCAPURE ITUBUTT 5 ) 2 RS HRET . DA rlpyt B, %V SR STE TR, AR AR Atari g5
Bi, BEFSE AR T HE R ACRD .

BEAk, o5 —MEAF R IR IY 1 A2 PyTorch €2 38 Ak~ ) HiE B2 35 BRAE JZ A 4 TensorFlow A XY, A /D A
PyTorch HYRIFSEH 18 1 4 5 M0 57 158 A2 > IR 2 1 © /3K, SRIRSCIEL TensorFlow fRFAMRZ , (HANK
AR BRI AR 1.1 sl DA DA PyTorch-DRL S35 T PyTorch f% Z55%
feei>) PG, SRR . AU BEA LS FEHMFIL, PECR AR . sz T ERR o, X
YO E AR Y ERHAG TIPSt K

EETEM SIS NS
EETE
NAE OpenAI Gym } { BREEXSE
'

SEBREYS wre |

ETEE
s SREE | mpey

HER « PG / A2C / PPO
« DONEZEIE BEFS Eﬁﬂ IL
« DDPG / TD3 / SAC MBRL
i

Batch Buffer Collector Vector Env

., A

Emyy | M :] {ﬂﬁﬁ#g} [: R SRR

[EiEiELD PyTorch

B2 1.2 RECFH BRI

AR T CREE”, —AHEET PyTorch (UTREESALE T BV 6 o B L2 158 T F G BRI . RIFF&
PA PyTorch /IR EEAA ) JEUmHESL, e o fb7 ) S AR, Fefdin Z a4 il T 8di 4l (Batch)
Hilagenp X (Buffer) . R4S (Collector) =AHEABI, ST HAMEREIMFRHATLE S RAEIIGE, Ak
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JR SR Z RS ) B, g ALR b2z 5] (MFRL) i — R85k, #if2e] ik (IL) 4,
M BERS LT T3 (s B T AN R SRR R A [ 3 5

RPN QIR ORI BT, il s il 7 & bt ae S S5k, SCie T I P& RS AR R K . TEAH R 1
BESCIRPEI o, RIRAE RS SR 2] - B 5k 5 . Bl S s HARAT T 5 k2 S - ORI SR, A
GitHub FIFEARIER N, Ehiatiid 7 &T PyTorch 1575 — N4 1R L2215 rlpyt [SA19].

I

R AR S LU T B

PGt 5 Il R TR A RBOT S5, Rarfess ) BIA M AR B SR, riR BUL A Y, A
ZIRHALI B AR Y- B I HAdR R

& AR IR R 3 ik R T REF-6 H RTIT SCRAA SRR AL S A . MR N RAR A
JEPRPA B AE RAZ -5 ) SE B0

AT X TR 5T EANEARE R GRS 2 AL, SIS SR E A A2 TH
HORIIEs

F AR S PR T T REC G RSB REG, fa RRAE Rt — 2P TR B R DA T
Bk WRECEERERETRGS, R S8 TAE 1.

144 FRRHSEN

AREFSEN AP ] %O M B B A E, S 27 G R A . BB AN S B
I TR ST B YA S0

RERIL S S R R
SE2E S RO [A] A L2 > 400k p i B2 ) Rl e 4 ST M. 2578 — A @, X =g ) (A
WA A AR i

o HBFEST O s

o TolfBA] s Fl o PVEERE 2, IR, WREAGTT. BedE. RV RS

o SRALEEST  HHEIE o (A5 REAS SRR AL B 2 T 2R

SR AL ) FRAE A E R, T SEERORKTSC ., SRR A SR EIR . BRI E A Ak
M ST A — AR R X -

W7 VAEi0E 461 | o/ YA B o FRPANG 7 ) i S e S (83 6 e VA T ) D N B S 6 G 1 1 N )
B REMA S EREE AT R 7 A i R EA AR SR IR TR A G, oA B 2 ) 58 S e, AN 2
B R AT, PSR A S AR A TRE B BRI BOAT A 7] Il 2538 W) 5 5 ) Bl 7 11 5

2. B CIEET AT, HCIRSLZIARAGN: WS SI R T TIREAARSE TSR AL > H BOA KU
SRR S, Gl T R R 15T SRk ) I SRR SR A, R RE RN BEAE
FRASREAR ST RS0, 5 ZANWTIREE 7R BT A ] -5 KU SRR A 5

3. HAMAER B Bl S B qos N TAREFr8dE, A rhlgir s v e L2
AR RREAL (NE) B BB oAby ) AT A BTG FIFRSE AT AW L AC 5, AT AR 2 N JSEH:
FRRIEERS , M RERAE— 24 55 P A B e m R I
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a5 S

RS Eh{E

| s IriE
;( t+1 $H

Bl 3: & 2.1 Rfbes ) Bk iR BR IR SRR A A B R
WA 2 S ) R A R B R pe i 3 #2  (Markov Decision Process, MDP) 2 [, —~ MDP & JE 10
(S, A, R, P, po) Wocdl, Hrp:
o S BT GRS ESR
. A%@fﬁ/*%ﬁﬂ’ﬁ%%‘\

1S x A—HRE%JEJLE& t B2 IR R A e B se, 0 PEE, A RY FRTEMEPIRAS s REEN1E
aZFF)? P EE 2 i 5

. ;: S x Ax S — RIPIRESHBMAREEL, (1 P, RFRLEPRE s REGIE o HAEFLIRA s 191k

* po RIS, D5 po(s) = Lo

MDP it B A7 Eb%ﬂi%‘fiﬁﬁ, BIFEAT R ¢ 20, R —AVIRAS seq MO0 L RE R M ADIRAS s B2, St
HIEAPIRES {s0, ..., se—1} TEK.

ﬂQlﬁLTf%ﬁmﬁ%%j%a¢7 eI S TR EIE R A ¢ L AR IRIRAS T RS
s, e VEEH A VE(E o) JTFAERR f‘*‘ﬂlﬂ#ﬁﬁ PREE LRI ¢+ 1 IR FRERIRAS 5041 5 b AR

fﬁJTto

TR S, R EER LSRR BN IR RES, Hendh e . MR SEARE (G B 5, U FREE AN
R4 n] U = /M | e phsR 1L AR (Partially Observable Markov Decision Process, POMDP)., &4 GE{& 5 31 15%
ZHENEEGH, BRek H R B INE o, FARES s —EB5 -

E X ETYTHNER G S ¢ I 206 4 A 2 il R 5 A
Gf — Z,yiftri

Horpy € [0, 1] ZYr4nA 1, A&7 8 aE XY -5 KW R AR BC . BH ) mo() Fmn— P ASEL
0 ZHALHN 7. SR D BRI AR i AL B A — [ S T I i e, Tk

0* = arg max E.,[G¢]
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BREF AR

— R ERIR EEE M SENE K%L (Policy Function) . {fM{E K% (Value Function) FIFf4545% (Environment Model )
EATRAT AL
SRS R B RE AR M AR, S SV E(E R R AR . SR bR 5053 A SRS o 505 B P SR s PR A
T MR R BCE AP MIE: (1) ap = mo(se), EEERMIMEM: (2) ap = argmax, mg(alsy), TPAEFER
A s T TR TR SR B LR A Bl A
BEBILAE SR R KA T2 5 2 BN TS — MR AT mo(alse) , AIXAMMRER M1 P RAE I SR ac . HE RO
A AT EHEh e R 2315070 (Categorical Distribution) . T £E) 45 [R] 4] £ #5351 4371 (Diagonal
Gaussian Distribution) ,
Orifis: MMERECE BRI Y BPRES . B RRAS-ZEXT S T Ah R s g, F 2 =Mt
1. RAE %L (State-Value Function) V(s): ARZS s XV EHIE ZiHrnlRk, V(s) = Ex[Gels: = s];
2. BEME MRS (Action-Value Function) Q(s,a): ARZS s ZERILENE a W HEXS I 391 82 2t 4l dig
Q(s,a) = E[Gt|st = s,a: = q]
3. t# k%l (Advantage Function) A(s, a): qRAS s T REGEME o WIEHLT, HFHHREL 2D, A(s,a) =
Q(s,a) —V(s).
INBEER: B RE I AT DARTIREE o RS RS R B T, LU LS F - S x A — S #HTRIEREE 4%
maxy P, MG, siEExt R EL RY Bk Tl A

HARERCEIEETE

AL A ) SR R A X IR A T AR R 4y, W4 AR L5 k24 2] (Model-free Reinforcement Learning,
MFRL) 5ETHEAIRY5EIL%3] (Model-based Reinforcement Learning, MBRL) W KZ; AMNAH £ 2 GEfk
2£3] (Multi-agent Reinforcement Learning, MARL) . JCiifk2#3] (Meta Reinforcement Learning) . #5452 3]
(Imitation Learning, IL) iXJLANKIE. BUAEREERIE S TG B A s b 24 > 5%

G RIS AL 7 > TR IR F 2 S R HEAT X 03, P20 ) SR 272 >) (On-policy Learning) 15327 >J
(Off-policy Learning) . [F]SFM&=% ] 15 A 5 PRAFEACHORAE R I B s RIE N ZRsfems, I ZRoe e 2 Jm Rl &
B ﬁ;ﬁ%lﬂﬁﬁéﬂ TR A R AR R B A REAE— DR Gt X, ISR IR AN Gy DX AR R Hh o T
a2 TR

REEIL T AE BN RS ST ARG

DA AR, DA A S ST DM G A 25 P
LSRR (Buffer) : JEiGSRRIMNESEST, J62 RUEHET Ik, S99 BN A 5 SR T Rl
HEFTEE ST . BIE DQN [MKS+15] SyRsCal i, 9540 AR K. (Replay Buffer) JEFTAI
USRI, TR BB 7 R S B P RO T G — o5
SEE A, WA e S 5 SRR TV B (R T MR (Buffer) JEF746—: S
SR ST S TR D HCH A YR 045, T ) WA 270 B T AR WSS 8 o X o AT
B K I
2. 9w (Policy): i R REIKPORIIBEL RS, R ALFIR N

mo : (o1, he) = (at, b1, pr) (1.1)

Horr hy g2 ¢ B Z0 SRS R BB RAS, 0 TR 2 M 2% (Recurrent Neural Network, RNN) ()l
Y5 peo t PZIHEE LRI, DA IS SEUI R
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WL ANAN TR SHES A E I ) IS A BT 7 BER AR A RO ], BEAITE T3 o A [ 41 Y I 55 2 S G2 o
DA RAE S o WA RS ST T 58, RS 55 A — A L TR e X AT S HL R 2 1

SR HIL LR (Model) , IARRARMIAL, FhZ R 45 SRS AL . PRGNSR . AT B3 5 SRmg ot
FrA2H., AR A ER 7 o

3. R&EAT (Collector): REERRE L T HME- ST (Env) ZHAERE. HAE S DB IR H 1L
e E—E B, d RS A TR A R A G b DX R I 2R SRS 14 b fi e SR e KK
PGt X RA: Hh B AT

TEZ B BERITEOLR, RS T DURIEZ AR Z [RS8, o0 A7 il 2 R R B e X

4. JIZReE (Trainer): YRR TGk LZMER, @& LTINS, 5RERFRNE Y2 ] okt
FIaCH., A (] SR o ) 5 S5 SRS = ) AR I it

[ Trainer ]

v.step (] pa__cy[] model{}

Env Collector Policy f Model
s Batch Batch

buffer.add() | Batch Batch | policy.process fn{)
Buffer

P 40 P 2.2 RBEIRALE ) BRI G Rk, BER -5 BRI

[ 2.2 BONEMAAIA T AR R TR B R 6 R . Kb “Batch” ($ddladl) AR 1)
b RRfE BB . TG AR ARG B O A T8, Ho rh e USRS F S DR

collector.collect ()

collector.sample () -learn(]

Fasxi
#iyEe (Batch)

ﬁ%%m?AW%ﬁA&ﬁZE%Lﬁ%%ﬁﬁﬁﬁ ESCFHER BT . XHERTTRIT BN, DA
LB F AR AR AT RE . R N & TC RIS 0 G/ IRHAE, SE AT SCRRY) 4> (split) $R1F,
Mﬁﬁ@ﬂﬁ*ﬁﬁﬁﬁ%ﬁE%%ﬁ¢ﬁﬁZEﬁA%%ﬁﬂ¢ﬁﬂo

BB NFRSE I BRI B TR 7 A SR
* obs: t BZIFLIIE o ;
+ act: ¢ NIRRT ZIEE ax;
o rew: t I ZIFREE BB s
* done: t W ZIFGIEEHERPLT dp € {0, 1}, 0 REEH, 1 HEIR;
e obs_next: t+ 1 BFZIFILIE 05113
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* info: t RIS HAFREERUOME R i, AT OB A
* policy: ¢ I ZISEMAET SRR L& pe, WZ% (1.1),

RIEZEHEX (Buffer)

Blagerh XAFAH 1 ORI S IRBE A i — FR AU, I SR A EAF A 20000 R 1T K/ N Rt 41 gk
Frofmas>] o IRIEEHRSEH 2R NumPy SEALIEATAR68, REAS I ARATFRERCR

R, BliZenh XIRREOR B T o 7 MR CEE T, Ho KT info ANHMURHAP R BRSsHY, B
1 NumPy S0 5 SR A0 P M U A TR fid . RAEIN , AR ATRUINE O, ISR [ A S X v g i A 4
W, PASTRAE RIS 22 > BRI 2R K

RO Zenh KRR T b AR E G X (Replay Buffer) , i I 51| 21 b R = Bcdia 45 #4971 3 e
X (List Replay Buffer) . {55 ZHELZEm X (Prioritized Replay Buffer) SCHRFLSeALE RAT. MAMEHHLE
I DR SRR DTy SRR B SR (a0 2 5 SRR B ) T A ¢ FOMEZEWUE o, AR MIHEB A LIE {0t -5 00}
) MZBESEARAAE (R AR T AR — DT ) o TERORIER & 3 R 3t 5 25 MR [ACR+17]
(Hindsight Experience Replay, HER),

% (Env)

PRIi4% H B4 OpenAl Gym [BCP+16] & SCHYIE M He 10, RIEEUCGRA step BB, T2 A—DafE a; , &
] —APUTCH T AIE 041« EAWIZIRBGIEE ar FTARTFARIE 0 o BREESSHRAR AT di - PASGR
Sl ] p) oA A L e

N BRALAE S SRR A TR RAE . REZEPE TR IRl AL PRI, Wl DA SRR IR A T AR A
Wi, MalAZ SARFIF AT BRI step eRERITE SORIZ B SC—2, OIHETIM T — 2R e
EHEBE AL NumPy B4R, I AR O SRR X7 i RN ERSE ™ A= ) Bt o

#i& (Policy)
MRS ) BEIAZO . BIRBIRRR T R B PSR, TR RIS ) ok B IR, A TR AR A 5T 1)
ALY 3 BE 2 T & ST ORISR ANIA T RAKE AR A 4 A

1. __init__: SRESHIPIGAAL, FCAnwIiaib B e SO (Model) . B HARM 2% (Target Network) 4 ;

2. forward: MZEMIMIMNE op it E HBIVEE ar, FEE 2.2 FXJ MY Policy %] Model [#9/# ] fil Collector
3 Policy I ;

3. process_fn: JERRBUNIGREEZ AL St X PEAT5CH., LR 2.2 FXf)Y. Policy %] Buffer FIR ] ;
4. learn: (/H—MERAIITRISHEFNE, FEE & 2.2 thXb R Trainer | Policy i1 .
TRV SR I AR SEREAE 7 & a0 2R A a4 52 3] Sk b TR Eai A A -
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#=E (Model)

BRAR SRR DRIy o N T SCRAT R 2 S 5 S, RIHF RAR AP 15— PR i s S 38
(4 MLPPolicy., CNNPolicy 45 ) , i@ HLE T A5 S HEATAC A3 1, AR I oA SR B H R
5 ARSI R

B ) 11 5 LA -

s FA
1. obs: WLI{E, W DA NumPy $(ZH. torch JK. FEML, % 2 H M @ LA
2. state: BRBCIRSFN, N RNN A, "TPAKNTFAML, NumPy $(4H. torch 5K& ;
3. info: MEHFE, hIERLA, 22—t

o i
1. logits: MZERYIEIASN I, BRI T SIVE(E; HEAn7E DQN [MKS+15] 5k logits DA

gg%;@%l&ﬁ, 1E PPO [SWD+17] Hrgnsffifi X fa = B okimg, Wl logits AIPAK (mu, sigma)

2. state: T AHZIFRRHCIRES, & RNN A ;
3. policy: SREEHIH I PEME, SPfAtE R Egm T, BT RS .

F&E2% (Collector)

RAEARE LT R SIS AL H AR . RIS BB AN R0
L. collect: iRAENSRIKMIIEALH B2 ne £ SEED ne 2, FRECE R A AR 17 i ok
B get X
2. sample: MRIRZETIX AR E R/ PRORGAL, HERS SR Ik

N T ARG R, RAEAR T ArEAR Gt X, RN AS PR A T 28 B IR B A R AR 2 )
AT, — HA—AIEISCHETHR, WA Y A7 K B Oh A BRdsgnh X .l JoibRg
WP TIPMF A LR S AR R], SRAERIBUR A T RER 2 T4 e, NI RAE Rt Ak iR “ 507,

RAAFINE_FIE W] AR B BRI AL T O ACELE AR, RFAS [ OB G oy DCRIIAS [ SR IR Ak ok, BTt
PR B A5 R

222 (Trainer)

Wegn st BENZZENES, P22 DR 2 G kg RS A2 B . BUA 1 U1 2R (04 R R
#:3]3|%:#% (On-policy Trainer) #1750 )|Zk#s (Off-policy Trainer) .

FEREAHKFNIRARIL A2, PUATEHABIUA 1 & TR LI ZR e i) LB R B2 N — A, 3
ﬁg?ﬁ%:ﬁ%ﬁoﬁ%%@ﬁ%ﬁﬁi%%%ﬁ,#%&T%Wﬁ@@?ﬂ%%ﬁﬁ%ﬂ%w%%%%
T
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BEHRB S R EE

AN B Oy ACRS A TR OR B RE_L ok By S R AR 1

s = env.reset ()
buf = Buffer (size=10000)
agent = DON()
for i in range (int (1e6)):
a = agent.compute_action(s)
s_, r, d, _ = env.step(a)
buf.store(s, a, s_, r, d)
s = s_
if i % 1000 == 0:
bs, ba, bs_, br, bd = buf.get (size=64)
bret = calc_return(2, buf, br, bd, ...)
agent .update (bs, ba, bs_, br, bd, bret)

PAE DI AR HiA 17—~ HAL M 22 [ul 4 DQN Bkl grad fe. & 2.7 filidk 7 Oh U A Re 5 _Ead stk

BRSNS Y 6 2R
#2330 R 2.1 PSS RIS AR Y 5 &
17 | 1AKHE FRRE ISR S
1 s = env.reset() ST IE 1L J£ Env FPaC 3
2 | buf = Buffer(size=10000) gt X¥ 510 buf = ReplayBuffer(
size=10000)
3 | agent = DQN() SRR UEAY policy.__init__(...)
4 | foriin range(int(1e6)): AR St iR FE Trainer 5L H)
5 a = agent.compute_action(s) A ENVEE policy(batch, ...)
6 s_,1,d, _=env.step(a) S5®IECH collector.collect(...)
7 buf .store(s, a, s_, 1, d) Y 2E B L AR P AR B IE A5 2 % | collector.collect(...)
gz X
8 S=s_ WL (R collector.collect(...)
9 if 1 % 1000 == 0: BF—T R JE Trainer H15C 3
10 bs, ba, bs_, br, bd = | MEIEZEm X b RAE B EHE collector.sample( size=64)
buf.get(size=64)
11 bret = calc_return(2, buf, br, | 172 ] policy.process_fn( batch,
bd, ...) buffer, indice)
12 agent.update(bs, ba, bs_, br, | JI|Z:% gE4 policy.learn(batch, ...)
bd, bret)
EEIEZT
LR RS

SRALE R SR RTINSO BRI, 5IH S SO SRR, i) 5
ERAW SIS, AR PR NIRRT, g K" e 7RI BB IR SAT 10 il
I IS, MR SRR A E A B 2.3 ROR TR E IR, 2R WL

A THEHXHILER, B DRENTE T, AR REDEE

1.4. ZF PyTorch HiRERMAFIFEERIT S
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™ Tianshou

K’ 5 /23 KRiFPERE

XiEHE

RIZPRAL T — R PNE -4 O SCRE RIS, i i ReadTheDocs! 25 =5 -Gkt A3l & 58 MRS . Hul
HRBAE https://tianshou.readthedocs.io/ H, TS T ANE 2.4 FiR .

BT
FAZRAB R EH N R ICR, BT GitHub Actions” JEATRFSEAE M. FERRREATCIMIA T, 459605 AR XUk

Bl DREMNAFIE BRI = AR5y, P BRI U@ RS B A KA1 vh S B si A2 o) A A TR A I AR Y
SERENGRAMI, — ELRCATENLE R UIZRIR ] A% 1 AR B REGS AT Y I RE AR, MR P i st

H i R¥2 -G BT R L 7 55 25K 3] T 85%, 7] LATESE =75 W3k https://codecov.io/gh/thu-ml/tianshou H
EREMEI . E 2.5 BR T REHER T B AL R,

H Al RAZ P& 1 K AT PyPE &> Python i i & 158 = AP . P AT DA e 1 T
AN

~

pip install tianshou

TR, TadifE. 1 2.6 Bon T REHE PyPLV- SR KA . AR, RECT- G ST —
AR =R IF Ak Conda® 1) A A1 IRIE

! https://readthedocs.org/

2 https://help.github.com/cn/actions

3 https://pypi.org/

4 https://anaconda.org/anaconda/conda

32 Chapter 1. %3



https://tianshou.readthedocs.io/
https://codecov.io/gh/thu-ml/tianshou
https://readthedocs.org/
https://help.github.com/cn/actions
https://pypi.org/
https://anaconda.org/anaconda/conda

X%, A% 0.3.0.post1

Docs » Welcome to Tianshou! ) Edit on GitHub

E|_||E|'I'lanshou

latest

Welcome to Tianshou!

Tianshou (%{%) is a reinforcement learning platform based on pure PyTorch. Unlike existing reinforcement learning libraries, which are mainly based on

TensorFlow, have many nested classes, unfriendly API, or slow-speed, Tianshou provides a fast-speed framework and pythonic API for building the deep

reinforcement learning agent. The supported interface algorithms include:

= PGPolicy Policy Gradient

+ DQNPolicy Deep Q-Network

= DQNPolicy Double DQN with n-step returns

« A2CPolicy Advantage Actor-Critic

= DDPGPolicy Deep Deterministic Policy Gradient

+ PPOPolicy Proximal Policy Optimization

= TD3Policy Twin Delayed DDPG

= SACPolicy Soft Actor-Critic

- ImitationPolicy Imitation Learning

+ PrioritizedReplayBuffer Prioritized Experience Replay

+ compute_episodic_return() Generalized Advantage Estimator

Here is Tianshou's other features:

Elegant framework, using only ~2000 lines of code

Support parallel environment sampling for all algorithms

Support recurrent state representation in actor network and critic network (RNN-style training for POMDP)
Support any type of environment state (e.g. a dict, a self-defined class, ...)
Support n-step returns estimation compute_nstep_return() for all Q-learning based algorithms

‘tianshou.readthedocs.io/zh/latest/

FRSCHEALT hite
Installation

Tianshou is currently hosted on PyPl. You can simply install Tianshou with the following command (with Python >= 3.6)

pip3 install tianshou

Read the D:

K 6: [ 2.4: REECRY T
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COVERAGE SUNBURST [2] ALL RECENT COMMITS

i

g fix dan zero eps (#52) Browse Report

=

magicly 10 hours ago ¥

+ Cl Passec

if dgn in infer model, eps should be set to 0, and no need Browse Report
to random, to ensure reproducibility

Unknown 10hoursagzo [ #52 o 54

[ Unable to find commit in GitHub | Browse Report

Unknown 3daysazo | master

["Unable to find commit in GitHub | Browse Report

Unknown 5day==z0 §9 #49 o 5F

[ Unable to find commit in GitHub | Browse Report

Unknown 4daysago I master o 7

{"Unable to find commit in GitHub | Browse Report

A3 3

Unknown 5Sdaysago J¥ master - 3271c92

commits

= =
Files = . . Coverage
i tianshou 1,614 1,373 1] 241 85.07%
Project Totals (28 files) 1614 1,373 ] 241 85.07%

Bl 7: 2.5 REZHICINALE R

U Search projects Q Help  Sponsor i Register

tianShou 0-2-3 v Latest version

pip install tianshou N Released: Jun 1, 2020

A Library for Deep Reinforcement Learning

Navigation Project description

£ Project description

D Release history chat | on gitter

Tianshou (%X1#%) is a reinforcement learning platform based on pure PyTorch. Unlike existing reinforcement learning
libraries, which are mainly based on TensorFlow, have many nested classes, unfriendly API, or slow-speed, Tianshou
provides a fast-speed framework and pythonic API for building the deep reinforcement learning agent with the least
number of lines of code. The supported interface algorithms currently include:

X Download files

Kl 8: & 2.6: KIZAE PyPI V-5 ) k71 L1l
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INGE

ARENIE T R IRA A I EASE S5 i, KF R R A58 A2y ) Bk i i g, - dla i
B TFES ML, ISR 7GR A

145 FEZHPREBRCFEIEZE

ARERHKIR N G REF- G I B s ) Bk s, DAL B SIAAEF- 6 P TRAY AR S B4 Y
S AL S ) R H AR LR R R A 2 — N RE I RAL R RS . A MRS mo(+) Fm—AMll
MZH 0 ZHACRIFN =, A HAR iRk J(0), & A

J(0) =Er,[G] = S (5)V7(s) = S d7(5) Y molals)Q7(5,a) 12)

seS seS acA

o d™ (s) e fd SRS m FE B /R B R BE PR ELIRAS s BORER. AR EOMM AR A RIE, T OUTRA
DA IR BE AT HES . BUAh, N SR RIA R E T GRS B s, AR (A S B3 75 ok 0L 0

Oto

BT REBHENREREEIEE
FigEE (PG)

RMEBEEZFE (Policy Gradient [SMSM99] , X REINFORCE 3% . SRR SRS HE LS, DA THIFK PG)
e — RO EWERE R ERAL  BE . BT B AR ABER I, ARSI RIS R B A TN BT
BIRAAETT, FFEHEAA I (1.2) XF 0 2R, RIHEH SN -

Vo J(0) = Exr, [G:Vglogmg(as|s;)] (1.3)
Hap, sy BNEMCREEE . A (1.3) &N H AR AL
J(Q) = Eﬂ—e [Gt logwe(at|st)] (14)

T DA K B B B R A R B AR S R o IS B PG SR LR SRAG R T IIR Gy BUCRHE
%%ﬁﬁﬁ%%@ﬁ*%ﬁﬁ%%byM%M%ZEWWﬁéﬁGﬁﬁi%,Mﬁﬁﬁﬁﬁtﬂﬁ&ﬁ%ﬁ
BB

— AN 2 O A AL R A R AE SR PR G el — MR, TR PR SO i 22 15 0 -] RE I/ VB 2
AT 2. HOAms 25— P39, s R AR GRS (R L V (s) 1 — AN RHE , IR A S BR B ) B Ay
FRECA(s,a) = Q(s,a) — V(s), NEMEERECTIEER B EE . XA E R L Pt T .

M AR P SAYEAE RIZ AR S P+ 40 Ty B
e process_fn: W& Gy, BKLINT 53U H R4kt 5 (GAE)
e forward: 4 o WWHAERARR S, I AT RAER ] ;

« learn: AT (1.4) 11E Gy SIEM I EMEZ log 7o (arlor) HIFFR, KFZ JGibAT R ARG S50
BT, htks%000;

o ORAEHEMS I [ SR AT IR TR
VSR AR T RO A4 hupsi//youtu.be/XGmd3weyDg8
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e EFs (A2C)

B BEEN Y (Advantage Actor-Critic [MBM+16] , M FFR/EMETAE B -Fe FAWE, PURfHfR A2C) 2
M BRJE FEVR I — N . TR, M BRI T A2C ST b VPO I 4 A O PO MR . %
FrEAR (14) BT -

Vo (0) = E,, [A(st, 1)V log g (az|s:)
Ho A(sy, ap) AR eREL, AR E LA SEIUIL 7 SUk 8 it 5 (GAE) o S TiE3RM M2 it

HUR AT BB FLS AR E R AL, FEMU A AR 3 b T X M A 5 iR 2205 AR HERY SE B Had A7 K 5K
W AR IE AT, TR I B A2C HARBRECH -

J(0)=E,, A(st,at)logﬂg(at|st) — cl(f/(st) — G+ coH (mo(+)|s¢) (1.5)

Horp V(o) AP M 4 RS R B, ¢, co TR R B S48

A2C S KR SR SR A AT REEN S, (Hil T KRBTGS BER AT IREE R, AT
i?.k;_itt% A2C ML F R RIS PATIAS A3C TS, b 7 BRI AT A — 0 i, HA Bpe s
M,

A2C A R I SE B
« process_fn: W A(sy,ar), HESBMT /U3 s 53t % (GAE)
» forward: FISREEEREEEVE—B, 4@ WINME o, THEEH 0 RIS AR 7, A SRAE
* learn: WA (1.5) T ERREGT K SEHSE
o SRAESRMS 5 [ SRME 1 A it TR

imsREE It (PPO)

P R4 5595 (Proximal Policy Optimization [SWD+17], PARfEi#x PPO) 2 ET XIS mE A4k 557 (Trust
Region Policy Optimization [SLA+15], TRPO) RfAifbiiiA. T SRIEHE B A AR SE UK, —# %5k
W SR AT T — B R BB, i S0 SRR BETE S BCE R 5 7 A R Z A, AT BORFERSCRAR N 2%

1)

PPO B30 1T W 55000 5 W R 1) EUAEDR i ik N BR . ELR H AR R ECH

JP(9) =K., [min (r(&)flgold(st, at),clip(r(),1 — €,1 + €)Ag,, (st, at))]
Ho A() FRMTHOR SRS, B ELSLA 3 B BOTE N e B A B v e RS R s (0) R
BPERFEREE, & SCNHTRIS S IH RIS AR LU

mo(ag|st)
T Oo1a (at |St)

r(0) =

PREL clip(r(0), 1 — €, 1+ €) FESRME A HUAE v (0) FRAIAFE [L — €, 1+ €] ZIA], MMl 7 Sems e Re LRI ZIAE AL .
TE4F PPO Fikiz FITESNE N (Actor-Critic) 2844 B, 5 A2C B2, HARREUE T 2RSSR
S0 -5 99 1 ) A 73

J(0) = Exy[JT(0) = c1(V (1) = Ge)* + c2H (7o (-)]5¢)] (1.6)
ot er,co HPABSEL, 4B RORAS A VS 0IE LT
KA PPO JEScBUR BB S A2C 43300l
* process_fn: W A(si,ar) 55 Gy, SURSSHUBIT /Ut ddtsit 2 (GAE)
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+ forward: HIRAENIIIL o) LSEMAAT, HMAREER D
+ Learn: TORHSEARABARMITH RAGRMAR, IFHIAN (1.6) BT FBRBIE 3
o SROBESONE: ) A Iy TR

IS E LTS (GAE)

I XA R BT A (Gf:neralized Advantage Estimator [SML+16], PARfi#F GAE) 24 PA_ & TR SRmg i 2
YRS BB A(se, a) FATE WS —. —RINTE, RIS RE AR AR TR R E a0 R X

VoJ(0) = En, [xytve log g (at|s¢)
Hep Oy AAZ ML, PG 2y Oy = 3707, vy, BIRITHHREEG A2CHh O, = Ay =—V(s) +r +
Aripr + oAy T T ep 4TV (s7) 5 PPO HJE Wy = Ay = 6 + (PA) 01 + -+ (YN T 6y, Hi 5,

S P 2243152230 (Temporal Difference Error, TD Error), & = 7 + YV (s¢11) — V(s¢). GAE ¥ iR T Fh
it A TSR — W

APEON =N ) 60 =Y (N (e + AV (s4141) — Vi) (1.7)
=0 =0

%EP GAE(,0) FUEIL N Ay = 00 = re + YV (se41) — V(se), b 1 B FESIRZE, GAE(y, 1) BIENH A
A =320V e = Y e Ve — Vi(se), B A2C WG, PG H g TTITED ) A2C B V(sy) 1H K O
YRR O o

Kz GAE el 5 Hifh P-4 4 — SR [@ 2 Ak HCAIFE OpenAl Baselines [DHK+17] fSZHLHT, X448 4,
WG — WA TR R FIWT AR ] . 5 ORTR], RAZ M s A 5 R — I 2 01 FEETTROIRASE bR
B, R T RRAINT . RIZW) GAE SEHURF R B EE T 2k, I B REFIBS TR 2 A e B HE Y GAE
PRAL, b Baselines i ff] iE % Python fEFMEA Py X 24 & Tz T

EF Q MiESRBMRERCFEIEE
RE QM4 (DAN)

TR Q 455732 (Deep Q Network [MKS+15] , PAFfij#k DQN) 25 fbai ) kiR LM FIE 2 —, EfE
Atari JiFE RGN, GRS 1 IR SR AL ) BB — 3T . DON FALL R 4E Q BT E
TR . BRI, Q7 (s, a) ATEZNG 7 NAYSIEEREG BREIE— RS s )5, wirgahiEs
[, REBIAEE R B R B VR S SR -

a; = argmax Q" (s, a)
HBNVE(E R E B8R i DUR = 757 (Bellman Equation) #4725 4%
Q" (51, ar) < Q7 (st,a1) + a(ry + 7y max Q" (st+1,a) — Q" (s, ar)) (1.8)

Horp o ] R WHAER AT b, SO R M Aok lG Q7. (HRIERMBME 2 — S5 B
Atari JiFXE, 2 (G B 28 I 45 05T ol PR BIE R R RGO, X2 9% Q 48 “TRIE” — Tl
Ko MRS NG HARASIEE, K DON @ 4 e Bsh fE s T 55

N TR AR R, DON Bkl R e300 AT RIS IRR , R € € [0, 1) A4t Fil
HUSRIS , 1 — e AR tH G SR (ER B T A s U3 BEANE AL 23K (1.8) H ry + v maxq Q7 (s¢41,a)
—IARAE H ARSIV R R Qurger, BT LASHIERCARIBIE,  HAl n 2241

Qgrget(st, at) =71+ yregr + Y e + m;lxvnQ“(an, a) (1.9)

Kz 1) DQN BRI -
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* process_£fn: MR (1.9) WWHEATRSIERE, SEBZE X LIHFTHH

* forward: FEWIME or, % thEEASIVEN WIBIEEREL Q(or, ), FHHE e FULRIAASIGES, i
HEE a

* learn: WA (1.8) AT, FERFER LI HEE e STLRIEHH) € (4
o ORFESFENS I SRS T IR I TR A

MALEE Q %3 (DDQAN)

MMAEIE Q 2] 53k (Double DQN [VHGS16], PAFfij#% DDQN) & DQN HAWE B Mt —. mT1Es
2 (1.8) o [A) — AN SR E R B EA T F ARSI R B il i, & 2R 467 A TR AT, A
AR T SA R RAEALR . DDQN FRRF B R IFAl 5 S VR R HEA T AR AT 02 ik Aty A 1) 67T 52 0 o
ERFAT (1.8) A HARSH VR E R B AR S A

Quarget (8¢, a¢) = ¢ + Q™" (st+1, arg max Q7 (S¢+1, a)) (1.10)
Horp Qe 2 HAFRM %S (Target Network ) , SHSRIEIMZ% Q™ BT SIRA, LTI HRAEFTEEFAE . 245K (1.10)
FIREAT ARI A (1.9) BEATES A, )2 n BASTHIORE 0L, AR TIRGA .
17T DDQN 5 DOQN {CHAIRIX A, IR R A2 S 3 pofs 38 B o] — A 2p, wshin T
* process_fn: A (1.10) 71 H s ER %L
e learn: TERRZMIMMBEEHT H AR M 2RS4

ek ER (PER)

L5642 3 T (Prioritized Experience Replay [SQASI6], BA Ffiji PER) J& DON Sk 5 B il
VRS T R FIYE2 J51H) DDPG Ui i, JURLSEARE , AR WS W4 1 10 3 (R Q7 (s, ) 956
B 20 VAL L Qg (50, a0) I 229 DA LG FEA R ISR B, D22 K B
5 DABR IO AHOR B, AL TR RSV RRE 2 D O
PER 1)< BUAAHO TR0 R0, HORRIRIZ TR ORI et T

C LR A, (ENTEA R, (U T D S

. %&?E)f&i R AR E R E MK, Yok JERZEM X, BUCRHEREL, FFE I e A E
(1 BRI«

HE Q MERRSKRESENRERLEIFE
REWEMREHE (DDPG)

VRN E PSR ISR E 4 (Deep Deterministic Policy Gradient [LHP+16], PATF f&#% DDPG) & —F R it
1 PSR SR E 7o (5) FNBIVE(ELEREL Q™ (s, a) WFE. B EMU R IES SN VEAS (B N SRR I SRR . 78
DON 1, fIFH M Q BB BB FTECN M, T Tovk I e B 2k g 1 s | v

DDPG FE RN EE AL Q(s, a) FEELLENVEZS 0 HF2 AT R, K aIE(E o F— 0%k 7o (s) UG FR, I
¥ o (s) FRAESIEM L, Q7 (s, a) FRIETEA %% . DDPG By T4 N 46 1 T 3 4355 DQN Byk2qul, shiEM
2 1) ST AR P S M SR AR B G PR [SLH+14], EAEXT HARBREL Q™ (s, mo(s)) FEATEEEE L FALRIW] .

Y EH TR, JFih DDPG LN T H1 Ornstein-Uhlenbeck FEHLI AR 72 Az it I IR]AH ¢ (1 M FS 100, {H
AESE R, m TR A AT DAIA B 5 R R R [(FVHMI8]; DDPG AR T H #r M 25 PARE Ul Zhad A2,

2 https://en.wikipedia.org/wiki/Ornstein%E2%80%93Uhlenbeck_process
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XF HARSIAE R 281 R PO M 25 AT SRCE R, B0 0" < 70 + (1 — 7)0", DA 7 BYEEBIRS 3T M 2K AL 0
WEHRML 0

KFZXF DDPG SFyAM S HLAN R -
« process_fn: I DQN ByEZAL, HAE o AR5, 102 PASIVEM 2% 6% B A S %5
s
o forward: Z5EWINME or, MHEIME ar = mo(or), FFUSINMEFRE T ;
e learn: At DURSIRZEIR Q7 (s, mo(s)) Hahltitk, Z I3 H B nM 402450
o REETRME : SR 1 R A TR AE

TR R BT E T SRERREE (TD3)

KUIE IR L 1 7 PE M A6 BE 332 (Twin Delayed DDPG [FVHMI8], PARTRj#% TD3) J& DDPG Hykm ek #EAR
Ao SE Y BIMEERR AL Q I— RS T ik —E AR LA TT9 18, DDPG ABIS). TD3 Sk 7 4~ JL
& DDPG #EA 7 it :
o BWIAUM L Q 2£>] 1 ERIBTAUM 4% Q 2 ) [P BIEE M 4%, B2 P d/ MEAE SRR 4 Q 7Y
v, ATA AT B AT

Qtargeti =r+ ]’IilillilQ ng (817 71-(9(8/))’ 1= 17 2

o SIEMZAIEIR T MICSEIRET R K], D INGEERAERIPEG R 4s, ARG HARM 4%, 2
WGRBEARRGE AR AL E SR ZE T, PPA 0 25 1A REAS I SH B IE A A 45 8 . A G TD3 Bk A
AR BBV E 4, RO PR P4, B RPTUCE I R4, 54T — ORI BT

o I E ARSI TD3 SRS AT i 717 AL A BE AL S, bl S s eR &R o (s) BEA Q bR
AR R, NI M T sl

Qtarget =r+ VQﬂ (317 o (8,) + 6)
€ ~ clip(N(0,0), —c,c)

L DDPG B2, KAZAE TD3 (L h 4k T DDPG ¥k, HABIN T learn #B4), %M Bk = H——5L
A

RENEFEH (SAC)

BENEITM L (Soft Actor-Critic [HZH+18], PAREFR SAC) J&H iR i fbr > LS4 i) — Gk
SAC B[R I B3 REME P RURAERCR R, B9, RIS T afEPPNHESL . o S HEZE A
IRRRAL A I HESE BRI AL > S0 P 4k PPO 2 S ARFF A

SAC FIRE A TD3 70 Jul,  [RIAESA — A SRR RPN 4% B R SR 2 19207k
%, M TD3 Wi K R AR H RS VEE R SO %, S5 — T L T B AR WAL, He A o2
B3Rl BARRHES AT AFE e SCH 4R 3]

H1T SAC BSE BRI TD3 73201, SOt A AN HdEA T 120 ) i o
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B 5 ST B /RELR R R A ISR
TESLPrdp s, BRI AMELAO I B PR EE h BT A AR R, HEEMIELRAS s 748 o FHATHR, XA
iﬁ%ﬁ’ﬁ({’ﬁiﬁﬁj\—ﬂﬂ{) RBM R iR (Partially Observable Markov Decision Process, fi#j#k POMDP).

POMDP T IR Bt b2y > GGl HA pid sy 2 (1) St K — Bt g8 (i Kriii(E ., 4%
RSIVERIR ) BB BRSOy AT s (2) Rrd B BRI IR 2% (RNN)
FEREBIHIRPIRAS W] AR S IR SRS AT R -

BRI VE R TR LG KR A I e RAEIIRE,  CANTRRAE N ipse ¢, FREORFEIESE n Wil, IFALETL
Genp R AT —E W, IRIDIME {ot—n+1,. .., 0—1, 00}, FF B REAN I H 158 A2 ) Y FRad B2 TE 57 o
SRR IR L, (EIATRI SIS I PR TP LR . R
SCRE AP IR S

VR B

Fifji2#>] (Imitation Learning) B {f ] T~ M 24 > 52 I = ST Wi E . RO BRI CamMEdE, R
] BEH A JF A I SRR I SRR TR . LL NS E — 28 ¢ PRI RIRAS S EEARRT (s, ar), AR DA+
ZMERPAME F S — A, WM. Bilt—2H, i85 05 2:>] (Inverse Reinforcement
Learning [FLA16], IRL) Fl4: sz X Hikif2> (Generative Adversarial Imitation Learning [HE16], GAIL) %
Ak,
H Bl K15 S8 T I A 2 > 5, BARSEan T

o JELANERSE KHEHBEERIEES, EEANESE W aEFITRIE:

o BEEhVERSE]: FFHFBED AL, BRI & STERIEE

o ORFESRENS B 225 M A 7 SRS D PR LA T T R AE b s i o

INGE

ARENN G T WP RA I FIA B DA RAE RV 6 LR RSEH, a4 1 9 Rz si fhay ) 53k
P22 25 R I RIS 27 ]

1.4.6 FEEXFELFEN
ARFEEIR T RKAZH — B A2 > R T B 0 U R 5281

SEISiR e A

FRNTHEARZ WAL S T4 LT 5 B4 FPERYE S : RLIDb [LLN+18]. OpenAl Baselines [DHK+17].
PyTorch-DRL [Chr19], Stable-Baselines [HRE+18] (PAFf4iS 4 SB). rlpyt [SA19] , eI & 51 215

PR 4.1 Brs o
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Hd A EROTHFIT AV, Hob, 300 1D %P %
AR £, 7 EE R AR, IR i T ID.

A B #EM 1D EEE E

RLIib [LLN+18] 0.8.5 GitHub R e > -6 B H 2, BiEscilam

Baselines [DHK+17] ea25b9e | GitHub FE/E ik &6 B H S —

PyTorch-DRL [Chr19] 49b5ec0 | GitHub PyTorch JEE i 2E 3 P& EMEH S —%, ByELis
1]

Stable-Baselines 2.10.0 | Baselines fyM(HEffi A, VAL H AT, Mt T —RINILHSEL

[HRE+18]

rlpyt [SA19] 668290d | GitHub PyTorch R it k=42 P& EAREH B2, B4
T

K¥Z 57bcal6 | -

hEEXEE

PR IATE S . BB e, E AL . B ICI R SCR SO 48 BE R B8 RAZAE NI 6 IR 5L
2B U T IR YERE B X EE I .

HEXH

VRIEH A2 5] B S0y O SR b2 2] (MFRL) | SETHURAIRE%>] (MBRL) . 8 fEk:]
(MARL) #002>] (IL) %, BOMBERFFIRCH RIS, JE 015k /R (MDP) AR ]
LR FH UL (POMDP), Jorft POMDP SEREHS W24 3 F5 TREFHIZERIZ (RNN) BOUll . 1145
G IS R A BOARICE D Bk, DA 2R SETRANAT

RBEBEFIRE

AR R AL ) BYE R N E T R E BT, ETMERBNEEN S5 E60ME . WIEEER
M2 S HE IR AN R 22 S 2 iVE A (1) T EE % DON [MKS+15] & H i ki 4~ Double-DQN
[VHGS16] (DDQN). DQN e £ 8 Hjik [SQAS16] (PDQN); (2) FFIHRMEHE: PG [SMSM99]. A2C
[MBM+16]. PPO [SWD+17]; (3) —#%E¢: DDPG [LHP+16]. TD3 [FvHMI8]. SAC [HZH+18].

BB LRI A 4.2 Fron. ATAEH, KED-F G SRR MR R EmE, fLr-aa
Baselines SFFHYRIAIRMIF A 4. KI¥-6 A X L HI5

* 5 R AL BT BRI BRI AL ) A
JE&58% | DON | DDON | PDQN | PG | A2C | PPO | DDPG | TD3 | SAC | &it
RLIib VoV A vV IV VY vV oIV
Baselines N X Vv X Vv v v X X 5
PTochDRL |V |V |V [V [V |V v [V |/ |9
SB VA A A A YA A VAR VAR
iyt VA RV RV VA VA VA A AR A K.
BN v |V v vV IV IV VY Vo[V ]9
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Hith BRI FIEE

FUA T (Y50 AL 2 ) TR AR BT R Ak~ >) (MBRL) . ZEREMRGRILS2>] (MARL) . Joiifbar>)
(MetaRL)., #ifjj22>] (IL). & 43 5 TRANF-ER SR WIAR, A6 A I SR 5
e REHF TR, (A(EA—FRR R, EE TR (L2 ) SEER A 2 2 BRI R (L2 ~) SR ml ATE R
AW GHE N ESER . JATIELESS LR BT 51 MBRL Al MARL 8345

60 £ 43 KPH R AR FR— 1S

EE5E %R | MBRL | MARL | MetaRL | IL
RLIib N N X X
Baselines X X X Vv
PyTorch-DRL X X X X
SB X X X Vv
rlpyt X X X X
Kz X X X Vv

TBIRR SRS

B SE A (e SOOI Y Ly /R B K et R (POMDP), Sl #A PIARAEEI 20 5 —Fhid BLE U M58 4 ff R
HARBE, (HATHE S 80— LU A S XE DA BRI PR 56 — PO AE B e A T g — D ERIRAS, Rk
H, RS2 (RNN) Fhe 2 S 2 b o 4.4 T &G R ER 22 0 25 1) SCRFRERE
M 44 R AE W, 5% RNN SRR A K. RECFG T ITA BRI SR RNN R4, 8 52Ff
AREO SRS Dy Se s VA s s 3Rl DA BCHCA ] P sl R i S AR R g s

R TR 44 KPEX RNN SR
s RNN
RLIib
Baselines
PyTorch-DRL
SB

rlpyt

K

<L X | X[ X[

FHITIRE R

BRI AL ) SR A B RE R AN BRBE AT 5L, AR RAFRCR AR, Ry UK 265 i [
HEEARAEA AT IR, Jevk s AU AR B R 35, AT 30T 58 fh ) RIVREAE fay 5870 5 P )| ok
FETHIRBAG Y A RIS FFATIREE R A BB S T A IR ) I b T2 L, K 22 45 1) il
[ By B AR SO S BRI ], AT R A e 2 BRI . 2 4.5 IR T /A6 . B EK
FRRFFATEREORFEAIIGOL. M 4.5 Bl PAFR ), A RLLb. rlpyt, RAEZE SRS A MREINHA TG
RAEIIRE, TP 5 BEABRID AR BAGKI D TR IHATIREOR I AE . SO0 T Al )
REMREIINZRIN =, PERETS TH AT BE S AT I 0
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* 8 K45 KBV HRRBIGE IR > FIRSA A TIREOR K

oL —%

Ta5E% DQN | DDQN | PDQN | PG | A2C | PPO | DDPG | TD3 | SAC
RLIib v |V A vV IV VY vV
Baselines X - X - N v/ N

PyTorch-DRL | x X X X Vv v X X X

SB X Vv X - Vv v Vv X X
rlpyt VA Y A vV IV VY VoV
PN v A Vv vV IV IV VY VoV

H - RUREREA I

Rt

RIS A~ >) SR HESL REAS L TT S DASE A A R B f] PRSI BB D BB (e8I 7™ ACRS A ] 2 1)
PERY I8 T R AT REVE . % 4.6 B T2 P S BBLATEAIOL. MR AFRTPAF ), Bk Baselines,
Stable-Baselines #il PyTorch-DRL = MHEZLSN, HAR A GHME] T . RE2F- 5 HF BoATE I ZR R LA
FTANBHL, PESTEN RSB B AR H, (B S MR H FEA RS AT T A . R4
N T RSEIF A8 A RS, X 2P T RIS T A E R DI SRR R, (HAE
. P AIAM A KRR im0, MIER Sz AU —FE, 8 hbds S B I 2RoRn .

KO R A6 BTERIMIRELI YT, Hor: (1) RIESCH
Bt fESEBUBR AL S BRI EIE — B R s (2) Bl
AEERBEAL, FRRF N B R A TR (3) DIZRHRms iRk,
& 1) B 2 ek BOR AL B AT I 25 AL 27 >0 B BE 1K

Fa5ERE | EETH BHEAIE | SRR
RLIib N vV N

Baselines X X X
PyTorch-DRL | #/pbifl, | x v/

SB X X X

ripyt v v v

N v v BB LAY,

RIBERESEFCINGFHE

SALEA V-G R T HA MO X BT A B RA S R 2 4, RIS . a5 Lz il
T RIERTE R BIE B — P52 5 BAT M A A UAD A5 . R SCR 00T A 2 REfs Ty i
BN THIES (HINZBESIEE) L, O — M6 2 MR —MeiE. & 47 885 TR FE1ENR
RO O % P 5 5 T SRR N R IR I A L RS 2R, Horh i RN IR LA cloc! BEATRIDSETT, Bk
TR RR B ;53R ] Mujoco #1355 FetchReach-v1 AT 55 FEATRAUIINAR, HOMMIPRAE Sy — 4~ 4k,
B =AT0R . BT 55 AN 52 il (L 2 BUSFRE A, ML A e B DR 2 8 T e
gym.wrappers.FlattenObservation () XPMMEIA T M- LA BER) -5 . FRABEAAXEE Sl
SIS TARGFAY SR ATDAE Y, REAES) FIPERX P PR Z T _EAR LA S8 2 T2 B R A1
e, MARERTIACRD ATREAS SR 2 TR K .

! GitHub #iidil:  https:/github.com/AlDanial/cloc
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%100 £ 47 BV 5 AR, UEERE SRRy

Python U8B T4L
FE5SAM | KEERE | MEEFMK | X8 | #iE
RLIib 250/24065 Vv X v
Baselines 110/10499 X X X
PyTorch-DRL | 55/4366 X X X
SB 100/10989 X Vv N4
rlpyt 243/14487 X Vv X
K 29/2141 vV v vV

ERE

SRS EAEX T A0 2 M 5 BA o ERAE . & 47 5125 TG R AP O SO S 8RR
L. EREZR SRS Stable-Baselines # i Ay Ry, (HAT &G 5 U585 it 7w &= mde, #
B

BN E5EEE

FOCI N S 22 > - S A & T EE AR EAEAS B E AU ZRAY 55 Ak > Bk B b 7 — M PRIEAE
PTG A, et 7 — SRR DA, TR BPRAIE T — SRR R AT A B . = 4.8 ARES
AR, EEATIREMR ., YNGR REi ., (CRS 3 o X Lo 4R R 1 48116 il iy ool Kaay
55305 AT AR AT A T RN ZOK , R A—R-FE AN BN ZRd ARt A T I (BbAb98 A e
ﬁiggziééiméﬁﬁﬁm%}]ﬁﬁwiﬁ'ﬁ%ﬁi%éﬁi@%l‘tﬂ%ﬁ)7 PAR BRI RS R, GEkE, RIPFaRHTERN
FREFIY o

1L R 48 ZPGHICIMIAE I8

Fa58xiik | PEP8 KEXE | EAINEE | JlgidiE | KBBEX
RLIib v V i Bk
Baselines Vv vV w4 53% **
PyTorch-DRL ANEE + L | SEHK 62% **

SB J Y TN 85%

rlpyt X T4y oy 22%

Rz J Y Sl [ 85%

¥ T RLUb P H O TR e, (U ERFFAREN R oo, PRI # 5 5;
o PRI B TCI U A SRS B 35 R T BT, HFAE Travis CLAS =I5 F- & FaR B 4 2R .

B A AR
AREEATREAA 5 AL S~ F 5 4E OpenAl Gym [BCP+16] fij BL3A5E A b AT PEREMR. LRz AT PR IL B 24

Wk 4.9 iR, FrA BT sREmBAl CPU Al CPU+GPU JRA fifi i 13k W Az 4Pk A5 T 1 ik i 1 e £
{Ho SAB/NIAEE R R, AR S AR R B T21T 5 K.
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F12: 2490 LEBITHE S

e S8

BAERSE Ubuntu 18.04

NZ% 5.3.0-53-generic

CPU Intel 17-8750H (12) @ 4.100GHz
GPU NVIDIA GeForce GTX 1060 Mobile
RAM 31.1 GiB DDR4

Disk SAMSUNG MZVLB512HAJQ-000L2 SSD
NVIDIA 3R zfiiiAs | 440.64.00

CUDA Jii4s 10.0

Python g 4< 3.6.9

TensorFlow fig 2 1.14.0

PyTorch Jiii 4~ 1.4.0 (PyTorch-DRL) = 1.5.0

BRI E= B R ER AL E I FIEMR

BB R — RBSE L AE 55, S i) 9455 /2 OpenAl Gym P18 (Y CartPole-v0 f£55 ¢ 1%L 55 %
SREREMBRIVNE, R/ NE BB RS R IR EURAS, — BUwppliid —E M. s/ N4 OB
TETEHE, WA TG o AT 55 W s ) — A~ DU i, SRS IEUE ) 0 B 1, SR A IR a] Y i
PR NG A SR A R Bl . 1) 4.0 JFHZAT 55347 T LR o

& 9: & 4.1: CartPole-v0 {T-45 1] ¥4k,

AE 5 HEHL PG [SMSM99], DQN [MKS+15], A2C [MBM+16], PPO [SWD-+17] PUfZ: it fi) o i A3 Ak 2 >
SR . MR Gym BRI ALIN , AR NRRRAETESE 100 WATSS S SR (ELICF3Y 2 JR T4
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T 195 A BRI TiXMES5 . AR FIBIERIAT S MEAEE Rk 4.10 Fin, FIREEE W & 1. K
BEHMTF-EM, A& NEHTERE, JLHZ PG, DQN fil A2C B, REUSAET-IAH] 10 R HsHE Py
FR P 7] R

22 13: 3 4.10: CartPole-v0 JMiRZESH, sZF T a] BA(L K FD

Fa5HEZ PG DQN A2C PPO
RLIib 19.26 £2.29 | 28.56 + 4.60 57.92 £9.94 44.60 £ 17.04
Baselines - X X X
PyTorch-DRL * | x 31.58 £11.30 | x 23.99 + 9.26
SB - 93.47 +58.05 | 57.56 £ 12.87 | 34.79 + 17.02
PN 6.09 + 4.60 6.09 + 0.87 10.59 + 2.04 31.82 +£7.76

O FRORBIEREI: “x7 FoRHAH LIRS BUE S-S B AT 1000 FREk R 52 BUE S5 ;

*: f1F PyTorch-DRL - AR SEIL L [ TP sR AN, PRGIE 24 B 2544k “UNZhad B rp e 4 20 1R 5 TR )
FEIMHTRT ST 1957

*x: rlpyt X B EEIESS IR Atari AL 40 S A KT, 7] 22 hitps://github.com/astooke/rlpyt/issues/135

EEET AR RERCFEIFENR

HELLENVERS I — R AR E TS T, B A {ES5 & OpenAl Gym ¥REEH11) Pendulum-v0 {145 i%1E55
BURE e 18, RSO, RMER I N S B AR A, B s AR
B/ NPPRAS . ARSI S [0 —A =i, ShPERSEh— A 4k &, JEEN [-2,2]. & 4.2 M55
AT TR RS .

AE4 361 PPO [SWD+17]. DDPG [LHP+16]. TD3 [FVvHM18]. SAC [HZH+18] PUfhZ i) fp s hag (122 5
BERATIEN . F_E—/ N A TR VAL, BRI HEESE 100 IRAES5 T, B MEBCTFIEE K
FHETF-250 A EIRIZES . BTG FEEMUAL S5 IR EE R A& 4.11 s, FIEBIRILH & 2. 5
ZHIEEREML, REFETES D EIE A S TR ST .

# 14: & 4.11: Pendulum-vO JIKEER, 127 [A] AN 75

EE 58 % PPO DDPG TD3 SAC

RLIib 123.62 + 44.23 314.70 & 7.92 149.90 + 7.54 97.42 £ 4.75
Baselines 745.43 +160.82 | x - -
PyTorch-DRL * | ** 59.05 £ 10.03 57.52 £17.71 63.80 £+ 27.37
SB 259.73 £+ 27.37 277.52 £92.67 | 99.75 + 21.63 124.85 +79.14
rlpyt ok 123.57 £30.76 | 113.00 & 13.31 | 132.80 + 21.74
K% 16.18 + 2.49 37.26 + 9.55 44.04 + 6.37 36.02 + 0.77

VS FIRETEARSI: X BRI T L 1000 B8RS MAES
“: i T PyTorch-DRL i3k 5CBL % THITEMBRE, PLRE M HIEAPEY U RBrh HEAE 20 15 SEPAD
AR T 250"

;. PyTorch-DRL 51 ) PPO FLiAE S AW E 45 Seb A

ek spyt SRS PPO STAFEMTR TS, 22 CH il FIE.
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& 10: [ 4.2: Pendulum-v0 {F-45 A] ¥4k,
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INGE

RER RG-S WRRATH 5 MNREE R 2: > -5 T ReZE BEFN M RBAEFE XS F o SER 45 R 32

5E%$ﬁm%,ﬂﬁﬁﬂ% S REBETR. WP M. #ERSESEILR

I8 R ia Rz

Bk 1

Tra g |1 2 3 4 5 FEHE IREE
)

RLIib PG | 19.43 17.62 18.27 17.38 23.61 19.26 2.29
DQN 36.21 27.79 25.82 30.42 22.57 28.56 4.60
A2C| 42.84 55.18 63.22 55.45 7291 57.92 9.94
PPO| 27.18 29.08 54.44 39.65 72.64 44.60 17.04

Baselines PG | RsZ#l
DQN i 1000 #2R5EMAES5 , (EAE 1000 £ Ji5 58
A2C| Hiid 1000 #RSE AT 5, HANBERIRE
PPO

PyTorch- | PG | Hid 1000 FPoR 58 it 55, HAREIEL

DRL * DQN 2421 [ 5396  [2442 [ 2817  [2712  [3158 [ 1130
A2C| Hiid 1000 #PRSE AT 5, HANBRIRSN
PPO| 9.30 (2001 [2226 [ 3091  [3639  [2399  [9.26

Stable- PG | RazE

Baselines DQN 45.84 108.08 51.31 59.56 202.58 93.47 58.05
A2C| 81.00 44.06 56.70 47.81 58.23 57.56 12.87
PPO| 20.64 53.35 21.50 57.78 20.67 34.79 17.02

rlpyt PG | rlpyt X} T B EshfEas a4k Atari (£ 45 1) XA A, W22 htips://github.com/astooke/
DQN rlpyt/issues/135
A2C
PPO

K¥Z PG | 1.65 4.98 14.79 6.01 3.03 6.09 4.60
DQN 5.14 6.32 7.62 541 5.97 6.09 0.87
A2C| 9.54 12.06 8.17 9.40 13.80 10.59 2.04
PPO| 30.12 25.21 43.53 22.63 37.59 31.82 7.76

Ff3¢ 1: CartPole-v0 SCI6 5 b6 5 HE

: BT PyTorch-DRL - AR SZHLE [TV pR %, PHHGE M4 TE 4500 R <IN ZRad B i 42 20 IR SE BTk

?ﬂﬂ%ﬁﬁ?#FWT
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Fi& 2
e g |1 2 3 4 5 THE | REE
RLIib PPO | 12691 105.82 | 13134 [ 19546 | 5856 123.62 | 44.23
DDPG | 312.93 [ 32985 [307.26 [ 31370 [309.75 [31470 |792
TD3 | 139.18 [ 15829 | 14452 [ 15824 [ 14929 [ 14990 | 754
SAC [ 10293 [ 9521 89.95 102.04 | 96.98 97.42 475
Baselines PPO | 804.92 [ 83288 |44479 [733.01 [911.53 [74543 | 160.82
DDPG | s 1000 #PARFEMATSS , HAREIEL
TD3 | R
SAC
PyTorch-DRL* | PPO | PyTorch-DRL Hff) PPO Byife i SEsh {E =S [AT 55 P i e 4 i
DDPG | 42.50 56.21 69.02 57.53 69.99 59.05 10.03
TD3 | 43.97 46.44 46.06 91.04 60.10 57.52 17.71
SAC [ 11388 | 3782 40.08 64.38 62.84 63.80 2737
Stable- Base- | PPO | 206.71 | 284.84 | 271.73 [ 271.81 [ 26358 [259.73 [ 27.37
lines DDPG | 206.58 | 384.53 [ 135.68 | 14045 [ 27036 | 27752 | 92.67
TD3 | 86.22 142.88° | 91.53 88.77 89.34 99.75 21.63
SAC [ 25122 | 12347 [16539 | 42.07 42.10 12485 | 79.14
rlpyt PPO | rlpyt I REZPEAA] PPO ML/ BIAURY, 2822 ilIeik il il
DDPG | 180.56 | 130.14 [ 105.95 [ 106.69 [ 94.51 123.57 [ 30.76
TD3 [ 10637 | 98.42 136.02 | 119.05 [ 10512 [ 113.00 | 1331
SAC [ 12258 [ 16920 [ 10450 | 141.96 [ 12577 | 13280 | 21.74
PR PPO [ 17.64 14.97 20.29 13.28 14.70 16.18 2.49
DDPG | 24.34 51.15 30.25 36.46 44.09 37.26 9.55
TD3 | 38.22 52.67 42.15 50.32 36.85 44.04 6.37
SAC [ 3556 35.08 35.61 36.83 37.04 36.02 0.77

Fff= 2: Pendulum-vO SCH0 AR Ed
*: [T PyTorch-DRL R SEHL L I TRYTTI R KL, PRI M SE S5 Fo “INZRad A 12k 20 YRS BT H )

P BB R T 4R 12507
1.4.7 FE{EREH
3cfj|—: 7£ CartPole-v0 I35 hiz{T DQN Eik

ARSI KB ML @A IR, RS — BT 10 #22 Pt CartPole-v0 FR35 111
DQN [MKS+15] &9 ek

HIS AR, I HE SRS H

import gym, torch, numpy as np, torch.nn as nn
from torch.utils.tensorboard import SummaryWriter
import tianshou as ts

task = 'CartPole-v0'

lr = l1le-3

gamma = 0.9

n_step = 4

eps_train, eps_test = 0.1, 0.05
epoch = 10

step_per_epoch = 1000

(N ITgkss)
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collect_per_step = 10
target_freq = 320
batch_size = 64

train_num, test_num = 8, 100
buffer_size = 20000
writer = SummaryWriter ('log/dgn')

B 1] B AL EREE AT BEAS AT R A

# you can also use SubprocVectorEnv

train_envs = ts.env.VectorEnv ([
lambda: gym.make (task) for _ in range(train_num)])
test_envs = ts.env.VectorEnv ([

lambda: gym.make (task) for _ in range (test_num)])

{iJ1} PyTorch J5UL GE LR A5 E5HE , IF5E LA s :

class Net (nn.Module) :
def _ _init__ (self, state_shape, action_shape):
super () .__init__ ()
self.model = nn.Sequential (*[
nn.Linear (np.prod(state_shape), 128),
nn.RelU (inplace=True),
nn.Linear (128, 128), nn.RelLU(inplace=True),
nn.Linear (128, 128), nn.RelLU(inplace=True),
nn.Linear (128, np.prod(action_shape))
1)
def forward(self, s, state=None, info={}):
if not isinstance(s, torch.Tensor):
s = torch.tensor (s, dtype=torch.float)
batch = s.shapel[0]
logits = self.model (s.view(batch, -1))
return logits, state

env = gym.make (task)
state_shape = env.observation_space.shape \
or env.observation_space.n

action_shape = env.action_space.shape or env.action_space.n
net = Net (state_shape, action_shape)
optim = torch.optim.Adam(net.parameters(), lr=1lr)

TG ALHENE (Policy) FIREE4R (Collector):

policy = ts.policy.DQNPolicy (
net, optim, gamma, n_step,
target_update_freg=target_freq)
train_collector = ts.data.Collector(
policy, train_envs, ts.data.ReplayBuffer (buffer_size))
test_collector = ts.data.Collector(policy, test_envs)

TR

result = ts.trainer.offpolicy_trainer (
policy, train_collector, test_collector, epoch,
step_per_epoch, collect_per_step, test_num, batch_size,
train_fn=lambda e: policy.set_eps(eps_train),
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(£ 50

test_fn=lambda e: policy.set_eps(eps_test),
stop_fn=lambda x: x >= env.spec.reward_threshold,
writer=writer, task=task)

print (f'Finished training! Use {result["duration"]}'")

AV, AR 10 BAIgRoese, 48R

Epoch #1: 88%/#8] 880/1000 [00:05<00:00, ..., v/st=17329.91]
Finished training! Use 5.45s

] PARS I G552 ) SRS AR ATt 22 SO sl A AT SO R e ABREZRASU R -

torch.save (policy.state_dict (), 'dgn.pth'")
policy.load_state_dict (torch.load('dgn.pth'))

T PALATE D 35 Wiy R AL R R IR S IR L AR

collector = ts.data.Collector (policy, env)
collector.collect (n_episode=1, render=1 / 35)
collector.close()

#r 7 TensorBoard W EM% 1) 4558 «

tensorboard --logdir log/dgn

ZERANE 5.1 iR

K, ANSRAREEE HAL NSRRI A B GRasdR A B 248, U@ DARY. TR IR AURS RS T Al i il

PN -

# pre-collect 5000 frames with random action before training
policy.set_eps (1)
train_collector.collect (n_step=5000)

policy.set_eps(0.1)
for i in range(int (le6)): # total step
collect_result = train_collector.collect (n_step=10)

# once if the collected episodes' mean returns reach
# the threshold, or every 1000 steps, we test it on
# test_collector
if collect_result['rew'] >= env.spec.reward_threshold \
or i % 1000 ==
policy.set_eps (0.05)
result = test_collector.collect (n_episode=100)
if result['rew'] >= env.spec.reward_threshold:
# end of training loop
break
else:
# back to training eps
policy.set_eps(0.1)

# train policy with a sampled batch data
losses = policy.learn(
train_collector.sample (batch_size=64))

(F ks
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\

( B TensorBoard X

+

| |

€ - C @ localhost:6006/#scalars & O Qe

TensorBoard SCALARS

[C] show data download links rew
Ignore outliers in chart scaling 200
160 -
Tooltip sorting method: default - !
— 120 |
80 |
Smoothing T
40 -
0.6 l
— ]
] 400 800 1.2k 1.6k Zk
Horizontal Axis H— I O |
RELATIVE WALL
v
Runs
ep st
Write a regex to filter runs tag: viep tag: v/st
1.6e+3 |
O . e+,
I 248+
TOGGLE ALL RUNS 12643 7
log/dgn s00 | 2e4 1
200 1.68+4
o 1.2e+4
0 400 800 12k 18k 2k 0 400 800 12k 18k 2k
nNDEE DEE

P 11: & 5.1: TensorBoard n] #iAk Il 251 1 7
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v

print ('Finished training! Test mean returns:',
str(result["rew"]))

SEBIZ: EREER A%

15 POMDP 37 5 o F1 11 S SRR W 28 I 4 f U 253 . AL SRR L 0758 DA 91— o 37 SR P g
R . R S AR

BB MRk LSTM

class Recurrent (nn.Module) :
def _ init__ (self, state_shape, action_shape):
super () .__init__ ()
self.fcl = nn.Linear (np.prod(state_shape), 128)
self.nn = nn.LSTM(input_size=128, hidden_size=128,
num_layers=3, batch_first=True)
self.fc2 = nn.Linear (128, np.prod(action_shape))

def forward(self, s, state=None, info={}):
if not isinstance (s, torch.Tensor):
s = torch.tensor (s, dtype=torch.float)
# s [bsz, len, dim] (training)
# or [bsz, dim] (evaluation)
if len(s.shape) ==
bsz, dim = s.shape

length = 1
else:

bsz, length, dim = s.shape
s = self.fcl(s.view([bsz * length, dim]))
s = s.view(bsz, length, -1)

self.nn.flatten_parameters()
if state is None:

s, (h, ¢c) = self.nn(s)
else:
# we store the stack data with [bsz, len, ...]
# but pytorch rnn needs [len, bsz, ...]
s, (h, c) = self.nn(s, (

state['h'] .transpose (0, 1).contiguous(),
state['c'].transpose (0, 1).contiguous()))
s = self.fc2(s[:, -11)

# make sure the 0-dim is batch size: [bsz, len, ...]
return s, {'h': h.transpose (0, 1).detach(),
'c': c.transpose (0, 1).detach()?}

HRHEH E KM, HFf train_collector WKL X B E MME B R, HEEWEL n H 4:

env = gym.make (task)
state_shape = env.observation_space.shape \
or env.observation_space.n
action_shape = env.action_space.shape or env.action_space.n
net = Recurrent (state_shape, action_shape)
optim = torch.optim.Adam(net.parameters(), lr=1lr)

policy = ts.policy.DQNPolicy (
net, optim, gamma, n_step,

(FItkss)
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target_update_freg=target_freq)
train_collector = ts.data.Collector(

policy, train_envs,

ts.data.ReplayBuffer (buffer_size, stack_num=4))
test_collector = ts.data.Collector(policy, test_envs)

BIRT i Se i — ) RO BEATIEF N2, 45 RANF

Epoch #1: 83%|#4| 831/1000 [00:19<00:03, ..., v/st=13832.13]
Finished training! Use 19.63s

IPI=: SBREEFIIS

TG NI KL ST, BRI BESHINE . REERAE T 2B R B E 451
PABRA RN E T, IF HLREDT (S R0 B4 . DA Gym FRIEHY “FetchReach-v1™ S, AECIER ]
MR — N, fU8 =40 “observation”, “achieved_goal” Fl “desired_goal”.

FESEGI— AR ) Rt

task = 'FetchReach-v1'
train_envs = ts.env.VectorEnv ([

lambda: gym.make (task) for _ in range(train_num)])
test_envs = ts.env.VectorEnv ([

lambda: gym.make (task) for _ in range (test_num)])

class Net (nn.Module) :

def _ _init__ (self, state_shape, action_shape):
super () .__init__ ()
self.model = nn.Sequential (*[

nn.Linear (np.prod(state_shape), 128),
nn.RelU (inplace=True),
nn.Linear (128, 128), nn.RelLU(inplace=True),
nn.Linear (128, 128), nn.RelLU(inplace=True),
nn.Linear (128, np.prod(action_shape))

1)

def forward(self, s, state=None, info={}):

o = s.observation

# s.achieved_goal, s.desired_goal are also available

if not isinstance (o, torch.Tensor):
o = torch.tensor (o, dtype=torch.float)

batch = o.shapel[0]

logits = self.model (o.view(batch, -1))

return logits, state

env = gym.make (task)

env.spec.reward_threshold = 1el0

state_shape = env.observation_space.spaces|['observation']
state_shape = state_shape.shape

action_shape = env.action_space.shape

net = Net (state_shape, action_shape)
optim = torch.optim.Adam(net.parameters(), lr=1r)

TR AR5 LB ——2, FIPAERGZEAT. W AT DAR 1, AT &M 4 H forward Bl s 2
pGp SN
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1.4.8 B4

ALICIA T — BT PyTorch fIREEIRALAE S NP6 “RAZ”. %6 30FF T2 s s ) 50k
(FEEAGMERERALE ) BE) , SCRPS A PRI RAE . BUlArah . Ehifl, SRR TRk
SCHfAIG . P BRI B RIESERE, IR HAERRENN T, RERE LT H AR AT A .

KIF-6 BAER M P A bR LB s AL 2] 6 BRREATT A . W14 Kig e /e GitHub EJT
WO HARE T — RIS SRY , HRIC A 1500 ZRER, 1B T RS HH ) —EUFT.

JREER) TAERE B SE a0 75 1 0BT -

o Wik (1) MAEZ B ka3 8% A Rainbow DQN [HMvH+18] 5 (2) Wi AL TR 1304k
) EYE, A MCTS 5 AlphaGo [SHM+16] (HEIFF&E:AC 43k, RIBEETET): (3) MA
TR FE, i GAIL [HEL6] 5 (4) IMAZ R REAIIZRmEE D ;

© BABE: IIAEZFIAIIEDE T, ISR L, O R A 1 TR

o Sk SEREERE

« Bl RPEEZES L (W1 A, Mujoco #AMESS) WRLHRBIRES, Ty EIFATHINS —0IFE
1.4.9 SEMIIR

B30
1.5 S55H

1.5.1 RERFERF
BRI E T, B4

pip3 install -e . [dev] ‘

AT RAKE RAZ O E DA TT i S22 (gt vl DA B e RS b AT, TS 8 pip install AT AT
a4

’pythonB setup.py develop —--uninstall ‘

1.5.2 PEP8 XTBX &M
AT EE AR PEPS UM XS ILE , eI H AR H Skiz7

flake8 . —--count --show-source --statistics

B AT ARG T AT o

! GitHub 3 H #bdik - https://github.com/thu-ml/tianshou/
2 SRl http://tianshou.readthedocs.io/
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1.5.3 Al
IBATAR fir 4, BIATAEARH B ST H BT B a4 Hh 4 i 4 2R

pytest test --cov tianshou -s --durations 0 -v

1.5.4 {# GitHub Actions i#{Tili

1. b fork HORIGEER) Actions ElbR:

% Trinkle23897 / tianshou ©watch~ 0 | dstar | 0 | YFork 170

forked from thu-mlitianshou

<> Code Pull requests o || Projects o EEWiki  )Security [ Insights  £¥ Settings
An elegant, flexible, and superfast PyTorch deep Reinforcement Learning platform. https://tianshou.readthedocs.io/ Edit

Manage topics

-0 71 commits ¥ 2 branches [ 0 packages > 1 release A2 6 contributors g MIT

Branch: master - New pull request Create new file Upload files Find file
2. milis e

Workflows aren’t being run on this forked repository

Because this repository contained workflow files when it was forked, we have disabled them from running on this fork. Make sure
you understand the configured workflows and their expected usage before enabling Actions on this repaository.

.—.} | understand my workflows, go ahead and run them

View the workflows directory

3. &% Actions Enabled. /R
4. FEMZ )5, —HAHNN commit g push |3k, GitHub Actions £x H 2 #GE T H G -

Workflows New workflow All workflows
o All workflows
tez Unittest

Event ~ Status ~ Branch ~ Actor ~

» update contributing.md T 214 seconds ago

Unittest #1: Commit d3fb49 pushed by Trinkle23897 @® In progress
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1.5.5 T

SCRYTE docs/ CFETR, PA Lrst #§UEEE . KT ReStructuredText [KZFE ] S5 X L.
API SCRH Sphinx HBIA AL, docs/api/ HEFHIH T FHEA A APT SCRY.
R TE B % A SO A T OB RIS, 75 A docs/ UM FiafT

’ make html

BRSO INAE does/_build HH, TDAGE N YEas B .

1.5.6 33 #

HSCSCRSAE 3 0 O

SISO, BAEAFEBER AR APL SCRIXT R (N ASST REAR ), R fe it 7 — S AR LR T
KT IREF- G I — DR SR 15 B AT RIS SR TE 5+
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