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CHAPTER 1

W1

o

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 Slide

[Invited Talk] 2020/10/11 5 fL27>] o XfFTaE > KgE, 55 = Wi AR & e Rk~ 8E, PDF



https://pypi.org/project/tianshou/
https://github.com/conda-forge/tianshou-feedstock
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1.2 Deep Q Network

TR AL e 2 B 37 St rh 2 B He,  Hb i DQN [[MKS+15]] 52— MR B 1, 76 Atari Jiftkh—
RN FEAREAET, JATSEE R AA{E Cartpole {155 LA REZIZE—4 DON e seRem A
fiiF test/discrete/test_dqn.py.

HIARERAET TG (W RLID) RE, EARHESE MY —1 configyaml. KIFZMAH
JEH BRI T — AR RS T 5

1.2.1 QIEINE
O SR RS AR . PR DR OpenAl Gym., Jzf7 I 4

import gym
import tianshou as ts

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

CartPole-v0 Jg&— MR ] B A Bl A1 25 (1] 37 5, DQN ) S T AR B P 55 o 56 AN [A) b e e i fh 2
SIFRET, SRR T AR RO B N A B RS S Al 5/ S fEAS Al sep, [ DDPG
[[LHP+16]] 5t K AETEIESE SN2 AR 55, AL T 3w BE Y ST AT E A R X A3 5

1.2.2 F{TIMEIRIAIS
B SCINGRFRFAM LIRS . B JEORAY gym. Env 24820 DARY -

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

Rt T A B R s, FLlll VectorEnv, SubprocVectorEnv fll RayVectorEnv., AJPAE NTE
TEFEH -

train_envs = ts.env.DummyVectorEnv ([lambda: gym.make ('CartPole-v0') for _ in.
—range (8)1)

test_envs = ts.env.DummyVectorEnv ([lambda: gym.make ('CartPole-v0') for _ in.
—range (100) 1)

WANYE train_envs @A T 8 NG, F test_envs HA. T 100 NEREE. BNk TRARTRE, 5
AR

1.2.3 EBIIMLE
RESCFHERMH 7 E ML AAs, (R F 2 0fEE APT,  HEANR 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),

(FItakss)

4 Chapter 1. %3



https://github.com/thu-ml/tianshou/blob/master/test/discrete/test_dqn.py
https://github.com/ray-project/ray/tree/master/rllib/
https://github.com/openai/gym

xR, £ 0.4.1

(£ 50

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

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=le-3)

SE SR 2R RN -
« WA

s, WME, & numpy.ndarray. torch.Tensor. B HE XK., a7
state, PREURESFER, NI RNNEH, 7P E# numpy . ndarray 8{# torch.Tensor
info, MEMEE, HIRGHRML, 25

o i
- logits: MM H, <P ARITE Policy, Hinfit Q{H, A J57E DQNPolicy 1 f54L et
—# 115 argmax, Q(s,a); X H AN PPO [[SWD+17]] &k, ﬁﬂ%ﬁﬁﬂﬁ%m»ﬁﬁﬂlﬁ, M| logits
N (mu, sigma)
- state: T—RIBUIRES, & 8T RNN

—HEZ2ENIHFHEENER MLP W% 0] PAFE tianshou.utils.net.common, tianshou.utils.
net.discrete fl tianshou.utils.net.continuous HFkF|.

1.2.4 Pia{LRER

AT R AR e LY net Al optim, PAKIMESEL, RE X—A%0E. Habe LT —F iR
#% (Target Network) ) DQN %l :

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

1.2.5 EMNFRESS

R (Collector) 2 RIZHH—DREME . EE L THRIE S AR B2 . fEa—m4 (step) i,
REAS LR SR EIREMH (24) MPBEE R, I H 07 R R A e B i X

train_collector = ts.data.Collector(policy, train_envs, ts.data.
—VectorReplayBuffer (20000, 10), exploration_noise=True)
test_collector = ts.data.Collector(policy, test_envs, exploration_noise=True)

1.2. Deep Q Network 5
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1.2.6 & AllZRR NSRS

R T FMA WIS, onpolicy_trainer Fl of fpolicy_trainer, 4HIXRE M2 Fil
SR 2] YIRAR 2 TE stop_fn BB I EIE IR U125, thT DON 2 —Fh kg 5k, A
offpolicy_trainer #f7i)ll%::

result = ts.trainer.offpolicy_trainer (
policy, train_collector, test_collector,
max_epoch=10, step_per_epoch=10000, step_per_collect=10,
update_per_step=0.1, episode_per_test=100, batch_size=64,
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)
print (f'Finished training! Use {result["duration"]}'")

BASHHRAEG NT:

. ma)x_epochi R AVFIINZRE R, ArTaeiilgoex a2 el (B E T stop_fn M2k
{68

* step_per_epoch: 4§/~ epoch EHH 22 YRS ] 4%

* step_per_collect: RRRHEHAIZICERZ DU SEREIN L E . B RISSHEERE, Sk
10 WyTEAT— UK M 45 BT

» episode_per_test: FFUIMHRAIIHELL LA rollout FEATIR,
* batch_size: BERIRMETHERRHEAL R AL B2 D H

e train_fn: {ERR> epoch YLk AIHE YRR, H A2 21T 5E JLEE epoch A4 1l T2k env
—Istep TZAR. EHBCHEWE , FEEIZRRTRF epsilon BE K 0.1

* test_fn: FERE> epoch M2 BB AT BREL, Hi AR 24 BT L4 epoch 14 B I Tl 4k env —
Hostep TR EHRISERE , FERURIHTR epsilon B E Y 0.05

o stop_fn: &I, B AHPEY E 4R (the average undiscounted returns), 1% [u] /275 $if
Yk

* logger: RAZ3Hf TensorBoard, MDA FIHEXFEHIAGIL:

M

1k

i

from torch.utils.tensorboard import SummaryWriter
from tianshou.utils import BasicLogger

writer = SummaryWriter ('log/dgn')

logger = BasicLogger (writer)

1€ logger iA3E 2%, IR 2 B SIEIIZE H 0 AE BAi
NGtk M E 2R 27, 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,

(FIgk%E)
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'duration': '4.01s'

}

R DA% i RHE 4 #i7E CartPole 155 Il ok — 4> DON MR, FE 100 5 M b3 B 2 fily [2] 42 4y
199.03,

1.2.7 #iE. SAKE
PSRRI T torch. nn.Module, FrDASFifFIS AN PyTorch s 453 Jo 225, AR BR:

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

1.2.8 St EREMFEIRIL
KAt Collector SCRHEYLEREMAIRIL. FIHAYS R T LA 35FPS HIMUR A F B BE(A R -

policy.eval ()

policy.set_eps(0.05)

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

1.2.9 EFILIS2S

TN T REUS SR P00 LIRS , 16 Trainer 0 TR FTREAMIGERYE . (08I AT LA F B4 11 © 7R
I, HA:

# EERINAREURE 5000 WiHE
train_collector.collect (n_step=5000, random=True)

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

# WRYEH episode FHEEMERLLTHME, REER 1000 ¥,
# #ext policy BATIMH

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

# EHRE eps h 0.1, ReN&EE®B
policy.set_eps(0.1)

# R R ) B BOYE L AT R )

losses = policy.update (64, train_collector.buffer)

1.2. Deep Q Network 7
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1.3 BRI

KAZH— RL YRR RN 43 8% T LA T trainer (§a 5711452 5) . collector (73T 4diE R 4E) . policy
(Aﬂﬂ”%%fﬂ%) H1 buffer (HATEHRAAE), AN INEIRRE Y, —A4~2 env, —~J& model (policy 1
Tt RL B35 5L L 4 loss function 11153, model 5t H 24N IEH AR 45 ) . T@ﬁfﬁT Tk AR e A -

Trainer

collector.collect ()

collector.sample () policy.learn(]

model{}‘

Policy . Model
Batch

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

ifs’éﬂ*ﬂ 1 Bateh fEN BB LR BT AL H M BURATH , ERR T IOCREAL, WAL Py 4L
GUSHRANTT IR, BT TR -

«env.step()
i Collector

1.3.1 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))
>>> # E&E, list 2 5L K numpy
>>> 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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R A PARE AT key-value JCFE Batch BT, A5 7] Mﬁfigjﬂﬁ IR ERAE HE AN +-* . cat/stack Z 251,
Understand Batch HURITEANHA T Batch (&M, EFES—F (BRERISUWHENZEREBHIATT?).

1.3.2 Buffer

ReplayBuf fer i FEAF- AN RAE R B3 T policy BIlZ%. HHEIRELREA T 7 A X8 FHE Buffer B
i :

* obs t B ZIM LI ;
* act t I ZRXM 1L
o rew ¢ I ZIFREIR ] ) 525l pR K1 5
* done t I ZI2 45X episode;
* obs_next t + 1 B ZIF I MIE ;
s info ¢t MZFGAIAHIMEE (gym.Env 2aR[E] 4 KW, RE—M2E);
* policy ¢t W% policy THH7 Hh i 5 ZM S MR s 5
R RS B BUR R T Buffer (1) — 2L 5

>>> import pickle, numpy as np
>>> from tianshou.data import Batch, ReplayBuffer
>>> buf = ReplayBuffer (size=20)
>>> for i1 in range(3):
buf.add (Batch (obs=1, act=i, rew=i, done=0, obs_next=1i + 1, info={}))

>>> buf.obs # HARET size = 20, frlhk len(buf.obs) == 20
array((o, 1, 2, 0, o, o0, o0, o0, o, o, 0, 0, 0, 0, 0, 0, 0, 0, 0, 01)
>>> # BEREWRE 3 NMekwEdE, BN len(buf) == 3

>>> len (buf)

3
>>> pickle.dump (buf, open('buf.pkl', 'wb')) # & buffer FFAFIEHRFE "buf.pkl”
>>> buf.save_hdf5('buf.hdf5') # £ buffer FrAHIEGRFEE "buf.hdf5"

>>> buf2 = ReplayBuffer (size=10)
>>> for i1 in range(15):
done = 1 % 4 ==
.. buf2.add (Batch (obs=1i, act=1i, rew=i, done=done, obs_next=i + 1, info={}))
>>> len (buf2)
10
>>> buf2.obs # FE4 buf2 H size = 10, i EREHFMEE 10 FHERE
array([(10, 11, 12, 13, 14, 5, 6, 7, 8, 91])

>>> buf.update (buf2) # # burf2 WEBEIE bur B, [ R FREAHEE IR )TF

>>> buf.obs

array(l[ 0, 1, 2, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 0, 0, O,
0, 0, 0, 01)

>>> indice = buf.sample_index(0) # {#f batchsize=0 F#H B buffer BT H 2 I
>>> indice
array ([ O,
>>> buf.prev (i

1 , 6, 7, 8, 9, 10, 11, 12])
(
array ([ 0, O
(
2

5
index, W& F—/ transition Frx N index
, 1, 2, 3, 4, 5, 17, 17, 8, 9, 11, 111)
indice) # %% index, WETN—/ transition XM #y index
5 6, 6, 8, 9, 10, 10, 12, 121)

>>> buf.next
array ([ 1,

@3
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>>> # N buffer EHE—NMAY M EKIE, batch_data 2 buf[indice]

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

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

array ([ True, True, True, True])

>>> len (buf)

13

>>> buf = pickle.load (open('buf.pkl', 'rb')) # M"buf.pkl" X{FREH buffer
>>> len (buf)

>>> buf = ReplayBuffer.load_hdf5('buf.hdf5') # M "buf.hdf5" S NTEEH buffer
>>> len (buf)

ReplayBuffer M7 fiHiE REE (N T RNN, HEER Issue 19). A7k obs_next (CH T LENT), PAK

R BRI (X2 Batch SCRFY ) -

>>> buf = ReplayBuffer(size=9, stack_num=4, ignore_obs_next=True)
>>> for i in range(16):
done = 1 % 5 == 0
ptr, ep_rew, ep_len, ep_idx = buf.add(
Batch (obs={'id': i}, act=i, rew=i,
done=done, obs_next={'id': i + 1}))
print (i, ep_len, ep_rew)

0 [1] [0.]

1 [0] [0.]

2 [0] [0.]

3 [0] [0.]

4 [0] [0O.]

5 [5] [15.]

6 [0] [0.]

7 [0] [0O.]

8 [0] [0.]

9 [0] [0.]

10 [5] [40.]
11 [0] [0.]
12 [0] [0.]
13 [0] [O0.]
14 [0] [0.]
15 [5] [65.]
>>> print (buf) # T LI obs_next HAAEEHHFH
ReplayBuffer (

obs: Batch (
id: array([ 9, 10, 11, 12, 13, 14, 15, 7, 81),
) ’
act: array([ 9, 10, 11, 12, 13, 14, 15, 7, 81),
rew: array([ 9., 10., 11., 12., 13., 14., 15., 7., 8.1),
done: array([False, True, False, False, False, False, True, False,
False]),
)
>>> index = np.arange (len (buf))
>>> print (buf.get (index, 'obs').id)
[r 7 7 8 9]
[ 7 8 9 10]
[11 11 11 11]

(FITaRER)
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1 11 11 12]
1 11 12 13]
1 12 13 14]
2 13 14 15]
77 7 7]
77 7 811
>>> # WA PUXHERE stacked itHy obs (JEE stack RXT obs/obs_next/info/policy HAL)
>>> abs (buf.get (index, 'obs')['id'] - buf[index].obs.id) .sum() .sum/()
0
>>> # P _ getitem X FH obs_next (BRHETF), BER [:] 2%BHENRF (01 ELKF#HR
F) REBUEE
>>> # Wi TEX A MAE YT index == (7, 8, 0, 1, 2, 3, 4, 5, 6]
>>> print (buf[:].obs_next.id)
e 7 7 ]

7 7 8 9]
7 8 9 ]
7 8 9 10]
1 11 11 12]
1 11 12 13]

1 12 13 14]

12 13 14 15]

[12 13 14 15]]

>>> full_index = np.array([(7, 8, 0, 1, 2, 3, 4, 5, 6])
>>> np.allclose(buf[:].obs_next.id, buf[full_index].obs_next.id)
True

FAZFRML T HAW AL buffer le Al PrioritizedReplayBuffer (T LEHM ). VectorReplayBuffer
(BB ) H P 7S R[] episode [ A5CH 1Y [ B B3P B RIS ) o W] AT IR)RT Y R SRS R B

1.3.3 Policy

R4 RLBEN— MK H BasePolicy MZREH, FEMEH AW TFILA:
o __init_ () : REEHIGARIL, HLAORIEAIL A E RIS
* forward () : AREZERVLIE obs, THEA L ZIVE(A action;
. }%rgzcess_fn () © FERBUI 4R 2 i AN buffer #1722 H., Uil GAE (3% nstep 3k kAl THES
PREL
* learn () : fi fl—> Batch [WEHEE1 TSR ME 1 BE 5T 5
* post_process_£n () : fiJf]—/> Batch ¥4 4T Buffer 55 (L 4N HT PER);

e update () : IFEEMED . XA update K EIEE M buffer R AEH —> batch, #X )5V ] process_fn
AL B SR )5 learn BT FF MG, SR 5 post_process_fn 52 i, — K i%Ef: process_fn -> learn ->
post_process_fn,

&

1.3. EXHEZE 11
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HHRTFR B

sk S YN GRRAR v DA N4 - YIZRERS> (Training state) FIAFE 7 (Testing State) , i Y1l kR4 ]
PAZH 23 R R SER B BE (Collecting state) I H7 SR MEBY Bt (Updating state) , W4~ Fy BOFE I 2 ad B v 22 B ik
1ro W4 L, SREFIRHBOEH collector TATFHY, 1 SFEMs S H i BE 2 th policy.update 71371 .

N TR X HeRAS, WA K policy. training Ml policy.updating SHfiE AL T IR,
XIAG T —IKF I AR

State for policy

policy.training

policy.updating

Training state

Collecting state

True

False

Updating state

True

True

Testing state

False

False

policy.updating SEPFRHEHL N E2EH T exploration, HHIHESR ' Q-Learning 24, HE A FAY policy state

policy.forward

forward BEEIR obs T4 action, Hi AR il FRIEMIAR IR, (BRSO XA (batch,

state, ...) —> batch,

AR Batch 2 3R 45 1 1 £k (observation, reward. done Fll info), ZL 4 ¥ H tianshou.data.
Collector.collect (Collecting state) , i 3 [ “tianshou.data.ReplayBuffer.sample (Updating state) .

Batch B (1 B A 2 o — ZE#R 2 batch-size.

i 2 —> Batch, WMELE act KT, FREEY state KT () TAFHL hiddle state, RNN ffff])
policy Ki#F (policy V1 H 1L p 75 ZAFAEE buffer HLEIH FH M E5A, AN logprob 2 JEHY, JHEEBHT I 4%
M), PARFE key (ORI S F] buffer HLHT) .

AN EARZAI A policy FLAHOR evaluate —~ episode, AN collect 45 Hi ¥ pR %R, AT AR X AEAL

# env & gym.Env
obs, done = env.reset(),
while not done:
batch = Batch (obs=[obs])
act = policy(batch) .act[0]
action IR
obs, rew,

False

# #H—4% 2 pbatch size

# policy.forward K[ —/A batch, fFf ".act” RKEHE®H

done, info = env.step(act)

X1 Batch (obs=[obs]) £ Halh obs N1 A FTA ZHE A 0 4E, 1B batch size=1, 75 W25 W 45 %
LG 52 batch size,

policy.process_fn

process_fn T iTE N EIFE X T H{E B, H U312 n-step returns 55 GAE returns. jXifi & 2-step DQN
2241, A2

Gy =1t +yrep1 + 72 max Q(st+42,0a)

7 #& discount factor, € [0,1]. NHZH T AWM H R RE RS :

12 Chapter 1. %3
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s = env.reset ()
buffer = Buffer(size=10000)
agent = DQN ()
for i in range (int (le6)):
a = agent.compute_action(s)

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

if i % 1000 ==
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, ...)
# ¥# DON policy
agent .update(b_s, b_a, b_s_, b_r, b_d, b_ret)

M TR AT AT DA H AT 75— A T I [E) A 5 R B2 10 53153 2-step returns, process_£n () wlhig 1R
WOX A, 452 replay buffer. SREEHY index (HI4TFHFA] ¢) MUORAEHORAY batch BERETTF . PIATE
buffer HLTIHA T4 M () 5P 76 25 Rl et R 2-step returns A58 AT AR TR A fR] B

class DON_2step (BasePolicy) :
o ;Et ﬂjﬂ‘ é{] T,h H‘HJ mon

def process_fn(self, batch, buffer, indice):
buffer_len = len(buffer)
batch_2 = buffer[(indice + 2) % buffer_len]
# FEXAREY A batch_2.obs BZ s_{t+2}, WTNETEXEER:
# batch_2 obs = buffer.obs/[ (indice + 2) % buffer_len]
# BB buffer.obs(i] # buffer(i].obs 2—NEE, EEHMEHXFEEREEY
Q = self(batch_2, eps=0) # shape: (batch_size, action_shape)
maxQ = Q.max (dim=-1)
batch.returns = batch.rew \
+ self._gamma * buffer.rew[ (indice + 1) % buffer_len] \
+ self._gamma ** 2 * maxQ
return batch

XIS H K FE I done = True WFLL, FILIEFIHARGELRIE, (H2ERR T HHEEE U E 5110
T
ZF policy WHAMINRE, AIPASH tianshou.policy, FEf P H T EWMRRE: 2 0LAEAE.

1.3.4 Collector
Collector /i3 policy 5 env [ 32 H {7 . collect () 42 collector [ EE ¥k, BREIETEE1L policy

PR H LG ERH n_step 4> step li# n_episode > episode, HLiZilfed )™ L I EEAT 5 buffer .
FAAEAE S T A2 A AERE, HoAth collector (L RETI S5 X W SCRY . BLAR S H — L6 T %

policy = PGPolicy(...) # s#ZHM policy # L.
env = gym.make ("CartPole-v0")

replay_buffer = ReplayBuffer (size=10000)

# XEHB/N env WM ReplayBuffer
collector = Collector (policy, env, buffer=replay_buffer)

# %/ env Wit/ VectorReplayBuffer, {8 collector {ifkiE

(N IUERED)
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vec_buffer = VectorReplayBuffer (total_size=10000, buffer_num=3)

# buffer num #HF env KEHE

envs = DummyVectorEnv ([lambda: gym.make ("CartPole-v0") for _ in range(3)])
collector = Collector (policy, envs, buffer=vec_buffer)

# W& 3 /) episode

collector.collect (n_episode=3)

# WEEDMH step (XNSREZA, BAHZA env, BRARKEHREHFR 3 HEHK)
collector.collect (n_step=2)

# WREREE, A render ZHMTI (render ENWZH I FEE, UK EA)

collector.collect (n_episode=1, render=0.03)

B A class:~tianshou.data. AsyncCollector , 43K T :class:~tianshou.data.Collector , ‘S Fr 5 M RAE (Fean
FRIEAR 18 B step BfA] 22 AR K) » it AsyncCollector [ collect )i XA _E i Collector A i Aln], T 5
HREE, B HBELRIE ** /D ** n_step B(# n_episode ML .

1.3.5 Trainer

T ZHiFEHAY collector #1 policy 2 J&, #t AT PAM trainer 8T A1 1K . Trainer 7135 L2 I 22 4R A ¥,
Bl g2 DRk 2 Ja i T R AR A2 B . B RO R8s G35 R SR g 24 ) Il 2528 (On-policy Trainer) Hl%F
Fmg2E %% (Off-policy Trainer) .

KA BAMAFF NI A2, PR HAIE V& T ERE NG L A R Bl — 12, &
HHPMEPA— IR I K. BEARR R 7 =CSC il 2, 4R 0L TR AR B 198 5 357 7 AL I 25 SR 1)
Tk . AIASH 2 fel 4%,

1.3.6 =L

AR B Dy (R AR B R s B i SR I ]

# pseudocode, cannot work # X RAFSEH
s = env.reset () # BB, £ env B
k1)
buffer = Buffer(size=10000) # buffer = tianshou.
—data.ReplayBuffer (size=10000)
agent = DON () # policy.__init__(...)
for i in range(int (le6)): # B 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 == O: # 7 Trainer L3

# 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)
# W& 2-step returns, "EEWR ?
b_ret = compute_2_step_return(buffer, b_r, b_d, ...) # policy.process_
—fn (batch, buffer, indice)

(FItakss)

14 Chapter 1. %3




xR, £ 0.4.1

(£ 50

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

1.4 AR
1.4.1 Mujoco Benchmark

FAZ H HIA i _E P& H iR Mujoco £558 (B H SpinningUp iR %47 !)

EiXH: https:/github.com/thu-ml/tianshou/tree/master/examples/mujoco

1.4.2 Atari Benchmark

BixX B : https://github.com/thu-ml/tianshou/tree/master/examples/atari

1.5 EEFH

AGOHEISNZE T — 2R B2V B8 G 595

1.5.1 BREMHEMLE

B A%,

1.5.2 ¥EFER

Z: i, BasePolicy

1.5.3 EHILINIGRKER

Z L2 HN 45

1.5.4 INEHITRE

KEgRAE TR

* DumnmyVectorEnv [l Ji#fi#) for FEFASLHL, W HIT debug, /NIBLHIFREE XA B TFEH & AL =
Fi/s

e SubprocVectorEnv HZ UL In, EH

* ShmemVectorEnv & P N2 HRESL IR — Aokt fEIIER obs fl— shared buffer S A7fif, %
fIRELA KA obs BYFFEY (LN %)

* RayVectorEnv £T Ray (J5LBL, W LARITZHL

1.4. FREMGR 15
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BRI T AR T, UL APLESR 5010, S SIR0t— AT ) ooy SIREITT, 1R
B

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 () # X/|ER[EFNIE A
venv.step (actions) # actions ¥

] obs
EZ env th#iE, BREWZX® env FEH

R [EI concat REZJEMH

—A~ venv 2B 8 B ATIOBI T, M iX 2L episode 241 A4 K T venv R Ml iH J;
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—

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)
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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 .

1.5.5 #LABEIEA

AZHE Issue 42 fH 5.

RAR AR 25 log. THALEE EIG50E  (Hhln Atari %2 resize 3] 84x84x3 -- A ixX AN B wrapper fi) . 1R
PEERBEAE BB SR il sR A (E, 7T PAYE Collector H1 i ] preprocess_£fn #11, EaELIEAEA Buffer 2
HE A .

preprocess_£n A A AT D 0 152 env.reset() i, B H 2K obs; WA E IEH 1Y env.step(), HBA
fli x40 5 4> K4 5 obs_next”/”rew”/”done”/”info”/”policy”. &[]~ HLE ¥ Batch, BRI & F /RARIE L
FIZRTE .

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) :
mon #E reward fzé\”ﬂ,,,ﬂénnn
if 'rew' not in kwargs:

# BY#* preprocess_fn Z# env.reset () ZJE#HARAMW, Wi kwargs BH RH obs

return Batch() # BALEFTEZEN, KEZR
else:
n = len(kwargs|['rew']) # Collector WHIIEH &
if self.episode_log is None:
self.episode_log = [[] for i 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_logl[i]))
self.episode_log[i] = []

(Rt
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(22 30
self.baseline = np.mean(self.main_log)
return Batch (rew=kwargs['rew'])
2 AT EAE Collector P& IFBEINA—TFiX > hooker:
test_processor = MyProcessor (size=100)
collector = Collector (policy, env, buffer, preprocess_fn=test_processor.preprocess_£fn)

A — B RBIAE test/base/test_collector.py HHA] DA »

1.5.6 RNN {)l|%x

AZH Y Issue 19 AR

1 JeAE ReplayBuffer (Rl stack_num (HEEREE) 240, FRTEYIZ RNN I 2 245 N 245 % /b
> timestep #E47114%

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

RGP L W KA b state B 3k, 7] DL 3 # Recurrent, RecurrentActorProb #l

RecurrentCritic,

PA_LARHS A BeJR /R T Al 4& e ReplayBuffer A1 28 P 28 AR 2, M {5 FH 3 2 SRR A UL INAE (stacked-obs) K
% RNN, A2 B0 (E (EL 4 stacked-action 3 1)l 45 Q(stacked-obs, stacked-action)) , 0] PAfHE Ff —~
gym.Wrapper RBUCIRESFER, HU wrapper JURZSECH [, al (T4 :

o ZHIMEIRAAE: (s, 8,8, 1,d), ATARISHESRN s
o XM wrapper Z J5HIAEAE: (s, al, a, [s, '], 1, d), RTDASKASHER [s, al, PRIFRLEHEZN s fla

1.5.7 BENESRERTR

A2 H 5 Issue 38 Fl Issue 69 3,
HIE, HE RPN OpenAl Gym 5 S APLRLTE, Mgy 17—
¢ reset() -> state
* step(action) -> state, reward, done, info
¢ seed(s) -> List[int]
* render(mode) -> Any
e close() -> None
 observation_space: gym.Space
* action_space: gym.Space

WERIRSS (state) AJPAR— numpy.ndarray s{#— Python FHL, FLHNPA FetchReach-vi1 FBE M-

>>> 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]),

(FUTakEh)
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'achieved_goal': array([1.34183265, 0.74910039, 0.53472272]),
'desired_goal': array([1.24073906, 0.77753463, 0.634577911)}

XAFE (GoalEnv) J2A=A>key B 7, KEZSAF IR IRAN R M UA7A -

>>> 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(

34183265e+00, 7.49100387e-01, 5.34722720e-01,
97805133e-04, 7.15193042e-05, 7.73933014e-06,
51992816e-08, -2.42927453e-06, 4.73325650e-06,
-2.28455228e-06],

observation: array ([[

achieved_goal: array ([[1.34183265, 0.74910039, 0.53472272],
[0. , 0. , 0. 1,
[0. , 0. , 0. 11),
desired_goal: array([[1.42154265, 0.62505137, 0.62929863],
0 , 0. , 0. 1,
[0 , 0. , 0. 11),
1
1
5

[ 0.00000000e+00, 0.00000000e+00, 0.00000000e+00,
0.00000000e+00, 0.00000000e+00, 0.00000000e+00,
0.00000000e+00, 0.00000000e+00, 0.00000000e+00,
0.00000000e+0017,

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

)I
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]

AT DA 5 A Buffer HSRABE H 50H -

>>> batch, indice = b.sample (2)
>>> batch.keys ()
['act', 'done', 'info', 'obs', 'obs_next', 'policy', 'rew']
>>> batch.obs[-1]
Batch (
achieved_goal: array([1.34183265, 0.74910039, 0.534722721),
desired_goal: array([1.42154265, 0.62505137, 0.629298631),
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-061]),

(T W akZE)
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>>> batch.obs.desired_goall[-1] # f##&, HHE#EI
array ([1.42154265, 0.62505137, 0.629298631])

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

array ([1.42154265, 0.62505137, 0.629298631])

>>> batch[-1].obs.desired_goal # [ it#%&

array ([1.42154265, 0.62505137, 0.629298631)

R L TAE B M2 H, 1 forward BRELHY state Hik:

def forward(self, s, ...):
# s 1s a Batch
observation = s.observation
achieved_goal = s.achieved_goal
desired_goal = s.desired_goal

ORI SUERETT, RSB S, WO, A T H B A T, i
AR CHRASZ nx.Graph) :

>>> # TN FARIAAELKE work, HA numpy #%7T, UMK nx.Graph EEJ_ getitem_, §% np.

—array ([nx.Graph()]) &H k= F]fk/ﬂ ------

>>> # A EHWEEN class BiZIEY% A A

>>> import networkx as nx

>>> b = ReplayBuffer (size=3)

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

>>> print (b)

ReplayBuffer (
act: array(
done: array
info: Batch
obs: array(

0, 0, 01),
[0, 0, 01),
) s
<networkx.classes.graph.Graph object at 0x7f5c607826a0>, None,
None], dtype=object),

policy: Batch(),

rew: array ([0, 0, 01),

)

HTH i’?ﬁ%T%‘lFﬁ RSB BTG, A T REZ BifE i IR S AR E B . N THIARA H bug,
WAEIR [FIX ARSI _E34% D1 (deepcopy ) :

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

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

1.5.8 ZEEEHFRILFES

A5 H 5 Issue 121 FH5.
BREMR SR AL > MR AT DA AR =2
1. Simultaneous move: g Bt ZAEEF1 timestep R [FBAT3), EL moba JiERk ;
2. Cyclic move: HATIEIHATH, AT RITHE
3. Conditional move: HFPBLZAE Y] timestep "N E FREREURATEZ R T-3048%, el Pig Game.,

1.5. EEFMH 21



https://github.com/thu-ml/tianshou/issues/121
https://en.wikipedia.org/wiki/Pig_(dice_game)

K%, &*h 0.4.1

XA FERRE RN IE S RL (WIER . LS — simultaneous move H 31— num_agent Frid—
T, FNACHEERRIAS 2 F1 3 4, WALk FRIRTERE timestep ¥EHF id O agent_id MBLAHHAT
Wk, Fr—3 AR BRI RTE (7] DAFRZ 4 MultiAgentPolicyManager, £
ORISR, SO MU T AR, RASERE TG B MM agent_id, HXMBEFELSTE
ALK AR . 2T 3 19 condition, HFFEEZIN—AME E UM mask 51T T KARME T X 5K B —F:

f J Agent
single-agent
multi-agent
" Agentl
p—
’ 7|l Manager
,-
Agent2
abstract agent
AT AR bk SO AT A AR TH ) P AR -
action = policy(state, agent_id, mask)
(next_state, next_agent_id, next_mask), reward = env.step(action)

TR HERE#E B state: state_ = (state, agent_id, mask), HFTPARE T Z i IE 5 0 AURD :

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

BT XA, 1S T DON B P 4L f demo, WIPATE XML & .

1.6 &F PyTorch MRERIEFIFE GRS

X2 PDF A4 -

1.6.1 hFE

TRPESIRAL S ] JTAF R UG T — RBIRI S, A 4E Atari X [[MKS+151] . HL [[SHM+16]] . 2 HR45H
T [[SEJ+201] MIHEmsJiFxk Dota2 [[BBC+191] 252 UG 7ARCKHERE , $271 T ML S A 5tk 2y > i 75
REFL. B2, HAERGE L] - G HERUCAR O R X — H KRR TR AR
Giod e TAV AT, BUAHESRE A AE S = G n] e il fdie 0 AUBHE X R0, ISR ERg . et
FRTTI R R SR B i DIPTSR IR S 2R 4t A, R SRR i g 5 SRR 7 A REW 2 H &
oK, BHAG TSR I ORI R . R, — D RIETER . AR . YIZREBER . A H T FEI L
AR fh2y: > - 15 X AN U 35 - L
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BEXFPA_E TR

AT H ki T — AT PyTorch [[PGM+19]] R BESRAL 2 > - & KR$Z. KZ-F-6 (Ll
2000 ARATACH, (AL TR TSRS . BT Q ME L. Sif

Q MHE 5RMEBAE . B> 45 10 42

b R A > B S R BRI, SRR T LI L AR R ok S AR I 2 DA AT B RS Y R AL P
B E ISR ) R FE RIS T FoRAE ML, TERH B 2 ik~ ) F- 6 BT B PEREXS FC 3T v

AR E R, RIZE
SIS T ZAE GitHub _FFFI - https://github.com/thu-ml/tianshou/
FREALF)) iz Kt

P STIR i S I N

BN PRI A G s S B, BRI 2R S BRI T R AR
H 8l 4881 1500 4B, 282 R

, PyTorch

1.6.2 FEFSIHER

= 1t B

RL gfk~~>] (Reinforcement Learning)

MFRL iR k2 3] (Model-free Reinforcement Learning)
MBRL AR5 k2% 2] (Model-based Reinforcement Learning)
MARL Z A Re Rk 2% >) (Multi-agent Reinforcement Learning)
MetaRL JCHfk#>] (Meta Reinforcement Learning)

IL #5457+~ (Imitation Learning)

On-policy [7] S

Off-policy IR

MDP RBI e LA (Markov Decision Process)

POMDP il%j\_f}()h{m HRPBF 5 21 A2 (Partially Observable Markov Decision Process)
Agent ZiHe

m, Policy SR

Actor SVE (M%), FRVERIE (M45)

Critic W (%)

s €S, State RS

o € O, Observation | WIMME, ARSI —EF%, 0C s

a € A, Action SAE

r € R, Reward 2 J5h

d € {0,1}, Done

GERAT, O FIRARER, | FoREH

Sty Oty Aty T't,y dt

TE— DB Z] ¢ RS IR, B, RIBMIZE AT

P, €P TEYHPRAS s REGIE o Z )5, HHEPIRES 8" iR PL = P{sip1 = s'[si = s,as = a}
R S HPRA s RIENE o ZF@?I‘?ET%E’JE@%%W R? = Elr|s; = s,a; = a]

0 YrnAE T, 1ERXARRRI A EERN— AT, v € [0,1]

Gy, Return SO ER, G =5, 7"%

m(als) BEALPESRIS , TR IRBURAS s 2 Ja REUWSIE o IR

m(s) Bff 2 PR, FORIRHURAS s ZF%EXE’J@WF

V(s) R PREL (State-Value Function), FtRAS s XTI 1 24 i ul 4

V7 (s) RS R Y RS R EL, V7™ (s) = Ex[Gyls = s

Q(s,a) IfE{E R %L (Action-Value Function) , FRZS s TRIGEHTE o Bt b i 128 Bt-dr el 4l
Q" (s,a) EHISEmE m o B IS E(E RS, Q7 (5,0) = Eanr[Gils: = 5,a; = a]

A(s, a) R, Als,a) = Q(s,a) — V(s)

Batch s

Buffer g i X

Replay Buffer R IX

RNN a2 % (Recurrent Neural Network )

1.6. ZF PyTorch HiRERMAFIFERIT S5 23
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1.6.3 3|8
REBLFIRRER

7E 2012 4F AlexNet [[KSH12]] 4545 ImageNet Q)R ILIE R 2 J5, REEANZ M 0 T1F 2 G, anH
PRRINANER R [[HGDollarG17], [RE18]] ;5 - HAE—RINMALSS o, GOEAE ) B R Ak B L A 17 A
FoKiE . KB RIA AR BEZ 0, AR B ([TYRWI4T] L BES7 PR AR BE [[REB1S]] S5450sHR B 1
TRBEAR 22 45 AT IR B I ARG

SRAL A TR S 4R f R T IE B 2 20 tHhAl, HAERR R S N R T A 90 AR A2y BB IR A
WE5T, oA 1992 4E5RAb22 ST VAT T AP NHALBL R [[Tes94]]. FHIR5RAL 24 3 S5 K 2 i 4tk
] S UL SRS PR, I HLAR EWUCARICN E AR, SR BRR R A EL AR, 2013 4R )5, 454
TEWRESI T, WREE A IR W 45 A TR A, BB T HsR KA a S, 4l DQN
[[MKS+15]] 3t Atari JiE8 a9 7K 35 2] A 27K k. AlphaGo [[SHM+16]] 5 A& T4 Bl AH 5 T 1 Rl BB
fif . OpenAl Five [[BBC+19]] ¥£ Dota2 5v5 X ik Lt 2& 5 AN EF NS, Toig @2 AR AL 2 Tl AR
— SRR TR IR AR ST AN A B N AR AL, S g O I E AU IR . H h 2
I, A . RRERGES L R E, miE T .

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
AR EMERE . R — 28I T H SR i s ph e ) BIRAIAEZY (AR A BIAE, R (k>
GBS E AL TF MRS S — MR E AL > FR R R 2 H S K.

A B M) 2 R A2 > P65 423 OpenAl [¥) Baselines [[DHK+17]]. SpinningUp [[Ach18]], Jl4N{f
SO KA R R4 A1 2050 A 27 ) HEZE RLILb [[LLN+18]]. rlpyt [[SA19]]. rlkit [[PDLN19]]. Garage [[gc19]], &
W\ H] ) Dopamine [[CMG+18]]. B-suite [[ODH+20]], DA FAthd 7 T & 1°F-4 Stable-Baselines [[HRE+18]].
keras-rl [[Pla16]]. PyTorch-DRL [[Chr19]]. TensorForce [[KSF17]]. & 1.1 JB/s T & T ERimibs ) EmE S
IR, g 1.1 502 T EZMEAE B

B LA L H RN R R S BIA A

JLT-BrA s Ak > -F- 5 #8 A OpenAl Gym [[BCP+16]] s L) APL 120 8 GE 15 BREE A7 22 B A AR 4
I, DA TensorFlow [[ABC+16]] fER JG iR BEF I HESRH) B a2, S0 2 /0 4 R iy 2 5k . R
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I V-6 SCRRRIIGREREEIEA T B E E

PyTorch [PGM+19]] & Facebook 2 F3fk [ ST IR EE2E STHESE, i FH05) . 3 1R MR IR
Vi, ZEEAHL AR TR T AF B TR, KA1 TensorFlow KEZLEEFS . ST PyTorch 45
BRI AL 2E ST E AL, 4745 %S PyTorch-DRL [[Chri9]] (24004 SA7) , HEi BREEE A & TensorFlow
SR SR K A TR . A SO F— NI FEEL S

HAREREFIEETRE

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

S R=E=A E IR | FIRESR B R x | REERE Bl | ERE
g3 % =] i il

Ray/RLIib [[LLN+18]] 11460 | TE/PyTorch | / B | 10724065 | o/ 2020.5
S

Baselines [[DHK+17]] 9764 | TF X J& | 2673710411 | +/ 2020.1

Dopamine [[CMG+18]] 8845 TF1 Vv Iy 180/2519 vV 2019.12
=

SpinningUp [[Ach18]] 4630 TF1/PyTorch | x 4 1656 /3724 | x 2019.11
I}

keras-rl [[Plal6]] 4612 Keras v/ S 522 /2346 Vv 2019.11
o

Tensorforce [[KSF17]] 2669 TF Vv 4= 3834/13609 | +/ 2020.5
1]

PyTorch-DRL [[Chr19]] 2424 PyTorch N G 214474307 | v/ 2020.2

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

[[HRE+18]] THI

K% 1529 PyTorch N 4= 0/2141 Vv 2020.5
1]

HIpyt [[SATO]] 1448 | PyTorch 7 B | 1191714493 | x 20204
S

rlkit [[PDLN19]] 1172 PyTorch v AN 27577824 X 2020.3
4

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

Garage [[gc19]] 709 TF1/PyTorch | / A 5717820 vV 2020.5
S

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 ¥ I8 GitHub AR H B HES ), MG imtEe . @il SORSEEARE . i . Socill il ff
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

SRMEBREE s SpinningUp HUSCRFSRIEAR REFVAIR , ARSI Q W — R AL WAFAIT- 6 PR
R Al ar ) BRI AN 42T
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https://github.com/ray-project/ray/tree/master/rllib
https://github.com/openai/baselines
https://github.com/google/dopamine
https://github.com/openai/spinningup
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
https://github.com/thu-ml/tianshou/
https://github.com/astooke/rlpyt
https://github.com/vitchyr/rlkit
https://github.com/deepmind/bsuite
https://github.com/rlworkgroup/garage
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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 BEE B REAIE : VFZ SR A > GUSAORITFE 5 AL BT S A~ > ko Mo F COUEN IAE,  [H it
P A BRI A — € /& OpenAl Gym [[BCP+16]] © 28 Hl iy, X RS HESE SRR B 2 Iy 2R
55, HCAWUME TR T3 1 2 BOSHR ST, DA lpyt A, 2% SRR T, A sRAE M R Acari 1)
L, WEITE LR B T s HE SRS .

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 [{RIF 78 4 2 5 M 7 58 AL > SRR 2 H 7oK, IR SCHLRL TensorFlow fi AR %, (HANY
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 S5k 5 . Bl S s HARAT T 5 k2 S - ORI SRS, A
GitHub FIFEARIER 1, BEhratiid 75T PyTorch 1575 — 454 15k k2 > -F-& 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.

1.6.4 EH/RIT 5%

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, G, BUE =X IREL RY B A THU A

HARERCEIEETE

S Ak ) B BB R S RIS A T AR K 4, Rl ke Al i k24 >)  (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) iXJLANKZE. A REESRILS: 2T & 2Bl i Bl an fh2f 2] Bk

GBS A2 ) S 4 R ) 2 SRR EA T DX 43, ml 43 IRl SRemg 24> (On-policy Learning) FI 5 5 HE 2% >
(Off-policy Learning) . [F] 5Hg2% > 18 Fr -5 M55 BORAE R B 7 RIS 2RI 2 56ms, ot SR )RR 2
3 Wgﬁ%ﬂiﬁﬁég FERF TR SRAE R BB A TE— ARGt X b, YIRS I G X b R R 7 T4
P AT

REEY T AENBRREST A BRI

WL PA A, BUA SR AL > SR AT AR R IS T o T

L BiZenh X (Buffer) : LB 2RI, 0@ R 2] Ok, 355 SR R RE IR PRI A L 1 el
PEATEPR 57K, BIATE DON [[MKS+151] SFkscBl, W B Bt X (Replay Buffer) #4774
P RAR AR B, DR R A7 A 1) S B 1 5 IR AN m] sty — 55
BRE—4, WTDAKEIR] SRS 2 o) S35 S e > SRR I B A T il Bt b X (Buffer) #EfT4E—: 53
SR ) FIR SRR G OB AE UORBEH — B0, 100 () SRS 2 > 83kl DA — UM G DX By
B R A A I o

2. 5K (Policy): HEm e B REAR VLRIV LAY, REHIB AR

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

b g 2t I 2 SRS 1 BB ARAS, B TR A M 4% (Recurrent Neural Network, RNN) #i)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)

Bl e vh XA T SRS S A H 7 AR — R0 EE I HLSCRR A AR B mh SRR ] 5 R N B 4
Frokmgas>] o JIRZHARSEE FEER M) NumPy SO BEATA70k, REIG IIRAFAE SR

AR, B oh KRR T H A 7 MR RS, Hh S info AUE A igEdgit, AP
1E NumPy $2H i A7 S8 i F P S A A0l . 75 RAEERT, WERAE AT/NE 0, DR 1A 28 DX rp 1 BT A 4K
Wi, PASCHFTE RIS 27 ) SR I 2R 75 5K

H ISR KA - B AR B G X (Replay Buffer) . {L5eE 5 itZem X (Prioritized Replay
Buffer) SCRFUCFACERFE. [0 AL E L X (Vector Replay Buffer) REMS IR 2 I PRI AT HLTHT SN 4L
P AN IR ECE A B [T o S AR 22 ot DI S Dy s i e 8 SR (M9 20 SR R[] T A ¢ R a8
Bon, REHESFEDRINE {0r—ni1,..., 0} ) MERSEIRFEM (FFEAAHWEN T DU — T8 . 725k
e TG AU A YE [[ACR+17]]  (Hindsight Experience Replay, HER ).

% (Env)

I 1 B0 OpenAl Gym [[BCP+16]] i SCHYE 4 101, BRI step By, HEBMA—DNE o,
R —APYTCH T IME 01« XATZIRBGEIEE ar FrRAFHIRIN e o BREEESARBRRAT di o PAK
PREER I A HAREE 4 o

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 ;

process_fn: TEHBONGEHRE 2 BIFIBIRGE o K72 H,, 1E1H 2.2 %t Policy 3| Buffer (1437 J ;
learn: fff—MEIRAIATHMG I E RN, FEE [ 2.2 dt} i Trainer £ Policy (1 ] .
post_process_£n: ffi fl—/> Batch (%147 Buffer (855 (LL 4 %7 PER);

update: fFx FEM L. X update PR EL5E 2 M buffer K #£ H — > batch, %X 5 ] process_fn
AL PR, #R)5 learn B H KNG, SR )5 post_process_fn 58 i — K 1L : process_fn -> learn ->
post_process_fn,

TRV SR I EAR SEBRAE -7 & a0 PR a4 5 3] Sk A TRl AT A -

A

1.6. ZF PyTorch HiRERMAFIFERIT S5 3
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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

BB R 11 2 SCANR -
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: MZHEGHH, ORI TIHESEME: HndE DQN [[MKS+15]] B kH logits
Al AH B VE(E R %5, AE PPO [[SWD-+171] 4 5458 X/ g S0 Sk m, W) Llogits AIPASH (mu,
sigma) WJ—Jo4dl;

2. state: T—PIZIRIBERE,  RNN ];
3. policy: SRMHIHIMHEIME, SPAFEEERZEMX P, HT RIS .

F&E2% (Collector)

RAEARE LT MG SIF AL B AR . SRS AL “collect" sl E4E HISRIKMIIMF AL H. n_step #.
W # n_episode §8, IR H IR P LR A BERCHE Ze X o

REAFINE_LIET] AR B BRI AL T A EE R, RS ) OB Gl DRI [ SRS IR Aok, BTt
Fr A 5 R R

RIFILITI T 74 RS AsyncCollector, ‘B L HEF A MR RAE (HLANFFAEERIZ s step HFRI2ZEFARK) .
At AsyncCollector [ collect [ LA [ 1h Collector H i A [H, T 54 0ReE, © HERMRIE ** F /D **

n_step B{# n_episode ML .

lZ:28 (Trainer)

Was g L2 NGB RP S, Bl L R 2 G TR AR A2 H.. B B9 g 645 7] ok
g2 3) | Z5#% (On-policy Trainer) . S#5f &%) 112545 (Off-policy Trainer) FIESLRSEIE 2~ > YI1458% (Offline
Trainer) .

FEARBAHFFINGER A2, FOMTEHARIA V& HERE I Zrads i LR BN —1 3¢, &

HOHW LA RTT %o P PARR AU 7 S BN G, HHARAE TR GRS B8 F-WF 8 b4 T 2 il A U1 SR 1
Tk
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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

1.6. ZF PyTorch HiRERMAFIFERIT S5
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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

REBHARF 5N AITCMIK, 6 GitHub Actions” #EFTHRFEEAE . FERFUEATTINAH , #5940 55 0RD XUk
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EHEIEMIGEI . 8 2.5 R T KRR IR B ARZE R

H Al KE Y- 5 1 %A 556 PyPE #1 Conda” . i F2 ] DA BB T A&

$ pip install tianshou

e

$ conda install tianshou -c conda-forge
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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

1.6.5 FEZHPREBRMCFIEZ

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)

Hems A HIL (Policy Gradient [[SMSM99]], U Fx REINFORCE Hijk . Se45 RIKSEMHE Ik, AT RifK 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 BIETEN Y (Advantage Actor-Critic [[MBM+16]] , X #/EMETAE R-TFE KB, PAREIR A2C) 2
S B PV — . TR, M B4 T A2C ST b IO I 4 A O PO AS . %
FEAR (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)

VLGS AL 3% (Proximal Policy Optimization [[SWD+17]], DA fai#k PPO) 25T KIS SRS A1k 353 (Trust
Region Policy Optimization [[SLA+15]], TRPO) HJfifbIIA . 1T S5RGBT A S HU UK, —F XK
WA SR AT T — @ RE B LR RRIE, RS SR RETE S HCE Tl 5 7 AR RIZVE AL, AT BOR PR N 45

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

IR E &S (GAE)

I R TS (Generalized Advantage Estimator [[SML+16]], DA f&#K GAE) J@&4f A b TR s b
FERE LB R BRI AT A(se, a0) TR ERSE—. —IRIMT, SRWEAE R R 00 BE AL T H AR 4 R B
Fa W

Vo (0) = E,, [\ytvg log 7 (az|s:)

o o, BAZMIER, PG Hl Oy = 3000, vy, BIRIHEREE A2C il Uy = Ay = —V(sy) + ¢ +
Yrepr AT rp 44TV (sp); PPO B Wy = Ay = 6+ (YN )0pp1 + -+ (YN T 6y, Hir 5,
TWHF 2R ZT (Temporal Difference Error, TD Error), & = ry + 4V (si11) — V(st)o GAE Jf iRz TF
it A TS — W

AFREON = NN 0 = S (N e + 4V (s14141) — Vsea)) (1.7)
=0 =0

HoH GAE(7,0) M50l Ay = 6, = 1o + 4V (se1) — V(se), o 1 BWFEEM 82, GAE(y, 1) 50 A
A =20V e = oo Ve — V(se), BN A2C PRI, PG Fh AR R A2C W V(sy) 1H R O
R SR I O -

Kz GAE Sl 5 HA -6 — AR 2 4b.  FEanFE OpenAl Baselines [[DHK+171] FSEELH, XFEEAS5E#
BB o — WA TR R PR AC B . 5 R TR, RAZ 0 PR R — B Z0E o LRI RRES
{ERREL, B THRAINT . KIZH) GAB LB IS B AT A, I B SCRe )i iT;%ig/l\%ﬁiﬂiﬂiE’J
GAE K%§, I Baselines {fi ] iE % Python fEIfEmI 7 X B E 4w Tl .

EF Q (HERBRERCFIEZE
RE QM4 (DAN)

I Q M5 (Deep Q Network [[MKS+15]], PAFfEiFR DQN) j@ififb2g > kb g i Byky —,
16 Atari Ik T I—Mg N, G T IR B SR AL ST 13— 4R . DQN EVEAL L2 4 Q BB
B TR . BRI, Q7 (s, a) NAEIZANE 7 FRIZHEMEREG FREE RS s Z )5, W HEAsE
Z3[6), RF AR R B R B B TEVE R s -

a; = argmax Q" (s, a)
HENVE(E R E) BB R DUR 2 78  (Bellman Equation) #4754,
Q" (st,a) 4= Q" (51, a) + ary + ymax Q7 (sp41, ) — Q7 (st ar)) (1.8)

Horp o s R WEAER AL S b, SN emERs M ARG Q7. (HRTERIBUIZ 28— ML 5 _Ean
Atari ik, Sl PGB ZE M 45007 o 1 R B (EL R A B UL, X R TR Q 4 “IRE” —mlid
Ko MITXAFBEA GG RANSIEE, P DON Wl H 37 Bpah fE s [ eSS

N TR AR UM, DON BRI H R e 500 Ikl TR R R, BIERKCA e € [0, 1] Mt i bl
HLSRMS , 1 — e pAEs<t th (Ol Sh AR (ELBR B AT ) dme 3t s B AME R 25K (1.8) W 7y + y max, Q™ (s¢41,a)
—TFRAE A ARSIV E LR AL Quarger, BB AT AR RIAIES, Hean n 224t

Qtarger (S1:01) = T¢ + 41+ +9" g1 + maxy"Q (sp4m, ) (1.9)
KEZH ) DQN VAL AN -
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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)

XM 25 RE Q 24 >J Fiyk (Double DQN [[VHGS16]], PARfijFx DDQN) & DON Sk s St 2 —. hiF
AEA T (1.8) Al [ — SRR R B A T FARSI (B R AT, S SR M 46 L TR ikt
MM AR T SETA A RAE 3 . DDQN S sV Al -5 Sh AR e b AT RS, AT B2 s ik v SR ) 71T 32
Wi B (1.8) F i HARSIE(E B B0 PARGE 10 T

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)

IR (Prioritized Experience Replay [[SQAS16]], PANfijFk PER) & DQN S3AH) 73— E Rt
SRR e 5 DDPG Sk b . HAZ L IIAEE , AL 0 2% i Hh ) SR (R B Q7 (s¢, ar) 555
B R A BB PR Quarger (51, ar) BIMIFF2E MR R 4B AR R RN, R 22 3R AR fE
B NS R AR BORAR R, AN P SR R 5 2 S B
PER (S B KM T 3R Z 1088l ORI 2 A G XA 3¢ o AR ksl anF

o FREZ MA—ANERR, RHIFESRE, (AL Z i E G X SR

. %&?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)

VRIS VRS BR % 3535  (Deep Deterministic Policy Gradient [LHP+16]], DA f&Fx DDPG) F—F[a 2 >]
T 5 PSR R o (s) FNBIAEELRREL QT (s, 0) MYSEYE. & BRI R IESE B 25 A N SREmE I SR R 72
DQN Ht, M T HALAY Q BB B2 AT aE, I ek B S sh M ] e

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
2P ST AR P S M SR A P G PR ([SLH+14]], BN HARBREL Q™ (s, mo(s)) TR _LFHRALRITT

Y EH TR R, JFih DDPG LN T H1 Ornstein-Uhlenbeck ML AR 72 Az it I IR]AH 3¢ (R e FS 100, {H
TESERR M H, e s AT AR B 5 H R R AR [[FVHMI8]]; DDPG 6 R H T H AR M 4% PAR & I Zrid 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)

KUE IR GEPE R E MRS AR 25 (Twin Delayed DDPG [[FVHMIS]], PAR{E#5 TD3) J& DDPG H3kH) Mt
Ao E Y BIMEERREL Q I— RS T ik —E AR S AT 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)

BEEITHEIE (Soft Actor-Critic [[HZH+1811, DA fAIFR SAC) J@H T E R A > BB 5 th i — Nk
SAC FAIR I B RE MR RURAERCR R T, B9, L& T afEPPNIESL . o S HEZE A
IRRIRAL A I HESE BRI AL > S0 P Ak PPO 2 S A ARFF A

SAC FIRE A TD3 70 Jul, [FIAESA — A SRR RPN 4% B R ZAE SR 2 19207k
%, M TD3 Wi K B AR H RS VEE R BUN IR, S5 — T L T B AR I WAL, He A o2
B3R BARRHES AT AFE e SCH 4R 3]

H1T SAC BSE BRI TD3 +73 201, SOt A AN HedEA T 12 ) i o
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&R 43 oI WM B /R LR AR T R Ik
LR, AR AELOI I B PR s I (E R, HEEWIELRAS s —A>T4E o TR, XFh
I B ARAETR A vl WL Z R Bl Fe i3 #2  (Partially Observable Markov Decision Process, f&# POMDP) .

POMDP TEJR B b2 ] GGl H A PR ER I % (1) kB A E R (il ZR0MnE. o
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
S PO R TR AR — RO R L, TR AIRR 2R 0 A S A 1 e h EDIRAS Y SR, RIRE&
SCRE AP IR S

VR B

Biffj2£>) (Imitation Learning) S {f i) T M2 > 520 M BF24 2T 1030m5 . B0 RS A g, R
A AR HAA J 7 AR K SO RO A SR LG RS . EL AN Zh A — 28 ¢ A ZIARES S B VEBAEAT (s¢, ae), BT AGE A 4
LM Lg R BB F o S — A, MIMBEFTEUE 2% . Hik—BH, F W50~ (Inverse Reinforcement
Learning [[FLA16]], IRL) Fl4: =% Hiifli2%>] (Generative Adversarial Imitation Learning [[HE16]], GAIL)
SR
H Al RE 6 L T A B2 ) ik, RARSEan T

o ELEHES: RHBEIEREMES, ERA s e

o BHEIESR: RHBEES RS, BRARIEA E hEMTE;

o SREESRES (] S78 SREF 53 RS R A T R W R AR e 8k

INGE

ARENN G T RBEE A I FIA B A RAER V-6 ERRARSEEL, iE 1 9 Ffeiilanter I B3k, 18
P22 25 R I RIS 27 ]

1.6.6 FEEXtELEN
ARFEEIR T RKAZH — B A2 > R T B 0 U R 5281

SEISiR e A

FANTEARZ s> 5 el T 5 ASEAGERMERF- /5 RLLb [[LLN+18]]. OpenAl Baselines [[DHK+17]],
PyTorch-DRL [[Chr19]]. Stable-Baselines [[HRE+18]] (PAF&5 >k SB). rlpyt [[SA19]] , BEEEI K& %)%
FRAAR R 4.1 B .
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Hd A EROTHFIT AV, Hob, 300 1D %P %
AR £, 7 EE R AR, IR T ID.

FE B D | BRER

RLIib [[LLN+18]] 0.8.5 | GitHub J{[Fsn{b4o) 15 B H B L, RRS e

Baselines [[DHK+17]] ca25b9e | GitHub REESRAE T V-6 A EH 5 —

PyTorch-DRL [[Chr19]] 49b5ecO | GitHub PyTorch #1527~ -5 B H S —2 , Fiksile
i}

Stable-Baselines 2.10.0 | Baselines fultifhiiAs, Bykseil 4, 4L T —RANBELKISE

[[HRE+18]]

rIpyt [[SA19]] 668290d | GitHub PyTorch R FE5 k25> -5 B H B0 % , SRSl 4
L]

K% 57bcalb6 | -

RERTLL

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

GBI A S VA B4 LT RSB B vk . BT I s B AR o S B Sk . IR
fesp I KA AR B A T B IREA . (1) BT Hr{HeR % DQN [[MKS+15]1] K Hit#E R 4% Double-DQN
[[VHGS16]] (DDQN). DQN {L5eZR LR L [[SQASI6]] (PDQN); (2) EeF5RmEHESE: PG [[SMSM99]],
A2C [[MBM+16]]. PPO [[SWD+17]]; (3) —##&4#: DDPG [[LHP+16]]. TD3 [[FvHMI8]]. SAC [[HZH+18]].

BB LR E IR 4.2 PR, TAEH, KED-FG SRR MR R W, 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 9%

¥ 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
AREATRA A GAL A 2] P G 1 OpenAl Gym [[BCP+16]] fi] B3R5 P IEATPERE M . SEIB T B 24

Wk 4.9 iR, FrAsfTSLsREm Bl CPU Al CPU+GPU JRA fifi i 13k i Az 47Dk 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,

AT 45361 PG [[SMSM99]], DQN [[MKS+15]], A2C [[MBM+16]], PPO [[SWD+171] P28 i S A5 05 1
SO SRR T PRI . AR Gym F BRI, AR A ESE 100 YATS5 1, RN EICF Y 2 Rk
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TEET 195 AR TIXAMES . KT E A FRTAMR AT 55 RIS R AR 4.10 PR, R EHE WL 4
1o RZGHAFEME, AES ARHATERE, JUHE PG, DON FI A2C H3k, RERSTET-IAE] 10 FRgmt
[E] A AR 2 1 A

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

S R — R 3R L 55 o, Bl UYL 552 OpenAl Gym FRBEH () Pendulum-v0 {£55 1 %AE55
SORFEREAR B B8R, AR RARFELL, RIERA W S A RS E, B AT
/NRPRES . ARSI 25 (8 — = i, SRl — A, JER [-2,2]. 14 4.2 RS
AT T AL R o

%A 453 PPO [[SWD+17]]. DDPG [[LHP+16]]. TD3 [[FVHMI18]]. SAC [[HZH+18]] VU FhZ: i) b A Al 5%
Ao A FRBEAT PN . A0 _E—/ AT RPN IR, AN BRI A IESE 100 ALS Y, S 2R EECEE
{H)G KT E5T-250 ARMPRZATLSS . AAF G FREMUAL 5 I INKEIR U & 411 Fros, AR UL i
2o HZHEEREM, REFGFES MR RIS AR 851

# 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,

1.6. &TF PyTorch W¥RERILFIFHRIT5H
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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

HHAF-EH, ,\ﬁﬁﬁ%% 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 FhoR e 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

A A AT 195",
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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 | i 1000 #PARSERATST, HARRIEL
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 BAR T4 F-250".
1.6.7 & ERAEH
3cfj|—: 7£ CartPole-v0 I35 hiz{T DQN Eik

ARSLBUREE ] KA1 5 MSLFER R INGRRAL . FHPRAF—ARETE 1Y 10 A2 NfE Lk CartPole-v0 FREZI
DQN [[MKS+15]] & fEfk

HIES 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 = 10000

(N ITgkss)
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(£ 50

step_per_collect = 10
target_freq = 320

batch_size = 64

train_num, test_num = 10, 100
buffer_size = 20000

writer = SummaryWriter ('log/dgn')

B 1] B AL EREE AT BEAS AT R A

# WH P SubprocVectorEnv

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

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)

VIt RERg (Policy) FiISREE#E (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.VectorReplayBuffer (buffer_size, train_num),
exploration_noise=True)
test_collector = ts.data.Collector(policy, test_envs, exploration_noise=True)

TR

result = ts.trainer.offpolicy_trainer (
policy, train_collector, test_collector, max_epoch=epoch,
step_per_epoch=step_per_epoch, step_per_collect=step_per_collect,
update_per_step=1 / step_per_collect, episode_per_test=test_num,
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batch_size=batch_size, logger=ts.utils.BasicLogger (writer),

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

AR, HHAERY 10 BAIIZses, 4PRAF:

Epoch #1: 95%/#8] 9480/10000 [00:04<00:00, ..., rew=200.00]
Finished training! Use 4.79s

] PARF IR 5E ) SRS AR IRt 22 SO o sl A AT SO e AR AL -

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

FTPAPABERD 35 Mitf) AR A B RE IR S PR LA S AR

policy.eval ()

policy.set_eps(0.05)

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

P& TensorBoard H 77 ) 45 5 -

tensorboard --logdir log/dgn

SRR 5.1 FrR.

”:‘nﬁi‘%%ﬁﬂ%ﬁ%%%ﬂ%wléﬁ?%ﬂéﬁﬁﬁ@iﬂﬁ bt Bty A 25, R AR . RS R T a0 e il
PN -

# EERNER LM E 5000 wigkdE

train_collector.collect (n_step=5000, random=True)

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

# WmBWREW episode FHEXFEREATHME, HEEF 1000 ¥,
# e xt policy IEATIH

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

# EFHRE eps K 0.1, R4 KE

policy.set_eps(0.1)

# R BE ) B8 L R AT K R

losses = policy.update (64, train_collector.buffer)
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\

( 3 TensorBoard x

+

P \

€ - 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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SHI=: EIAEEMLEEI G

1£ POMDP I 5t AT EAR IR 22 I K I SHF o AL R (a7 B I, AT SR ASIE Il — rh By 3 s R AR Ay it
R HEAT IS o T BB AT

H LB U 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()}

HRE B E MG, HAF train_collector WRYHDRZ M X B B ISMER R, HeBWIEL n o 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=1r)

policy = ts.policy.DQNPolicy (
net, optim, gamma, n_step,
target_update_freg=target_freq)
train_collector = ts.data.Collector(
policy, train_envs,
ts.data.VectorReplayBuffer (buffer_size, train_num, stack_num=4),
exploration_noise=True)
test_collector = ts.data.Collector(policy, test_envs, exploration_noise=True)

BT L — AU AT IE R SR, S5 2R AN
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Epoch #2: 84%|#4| 8420/10000 [00:21<00:03, ..., rew=200.00]
Finished training! Use 37.22s

IBI=: SRBAESZG

TG AU KIS, BRSNS BSHIE. RIZEBAE T 2B WNERN BAEEE
AR RIS 1, IF HRETT S S 20 #4E . DA Gym PRBEHE) “FetchReach-v1” S, 43R 1] 0
M E—4 i, f8=1Jr2 “observation”, “achieved_goal” Fl “desired_goal” .

FESEBI— AU e Rl b AT i

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

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

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.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, 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.shape[0]

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

return logits, state

env = gym.make (task)

env.spec.reward_threshold = 1el10

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=1lr)

RIS G0 ——2, WPAEHGEAT. WX AR T, RFUSHEM AT forward M) s £
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1.6.8 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 BRik: (1) IMAE Z RS ) B, AN Rainbow DQN [[HMvH+1811 5 (2) JARE TR 55
eI Hk . A MCTS 5 AlphaGo [[SHM+16]11 (H FPF-A# 0 E 43080, ABIETESEEY); (3)
AL 3%, A GAIL [[HEL6]] 5 (4) MIAZ R BRI ;

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

o Sk SEREERE

« Bl RPEEZES L (W1 A, Mujoco #AMESS) WRLHRBIRES, Ty EIFATHINS —0IFE
1.6.9 2EWINR

S

1.7 2558k

1.7.10 ZERFERF
B IAAE ORI A R, &S

pip3 install -e . [dev] ‘

AT RAKE RAZ A E DA TT G 422 (Ot vl DA B B E JAURS Tt AT e, TS 3 pip install A DA
A4

’python3 setup.py develop —--uninstall ‘

1.7.2 PEP8 XT3 &+l
AT H B AR ) PEPS (AR IS HILE , 7D H AR H Sriztr

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

BRI R] ZRAGAC I 41 75 -

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

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

1.7.4 {E 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 Filt
tez Unittest

Event ~ Status ~ Branch ~ Actor ~

» update contributing.md
master
Unittest #1: Commit d3fb4f3 pushed by Trinkle23897 (@ in progress

] 14 seconds ago
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1.7.5 FLHEH

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 .

1.7.6 3 3#

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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