KomanaHblii Typ

5.1. 3agaun

Besederue

Reinforcement Learning (RL, O6yuenue ¢ mogkperieHiem) - 370 ofuH u3 TUosB Ma-
munaHOro 00yuenus (MO), npeHazHAYEHHBII /71 CO3IaHUS CaMOODY YAIOIIUXCST AJITOPHUT-
MoB. OH mpejcrapisger u3 ceds oOydeHue myTeM Hpod U OMMOOK. DTO OJUH U3 CAMBIX
MaJsion3yvdeHHbx TuioB MO, HO B TO Ke BpeMsd U CAMbBIX HEPCIEKTUBHBIX, ITOCKOJIBLKY
y JIAaHHBIX 3a/a91 HeT 3a0JIAarOBPEMEHHO IOJIIOTOBJICHHBIX OTBEeTOB, Kak B OOydeHnun c
yauresaeMm. VIMEHHO OTCyTCTBHE HEOOXOJMMOCTH B 3apaHee M3BECTHBIX OTBETaX sIBJISICT-
Cs1 HEOCTIOPUMBIM [TPEUMYIIECTBOM JIAHHOTO METOJa Hepe/l IPYTUMU TUIIAMUA MAITUHHOTO
o0ydeHusi. DTO MO3BOJIAET PEIIaTh 3aJIa91, KOTOPbIE PaHee He MOIJIA ObITh PEIIeHbI 13-
BECTHBIMHU METOJIaAMH.

B obmiem ciyuae RL cBoguTes K ToMy, 9T0OBI O€3 3apaHee M3BECTHBIX OTBETOB, KaK
B Supervised Learning, BeI9ucInTh OMIMOKY pelIeHus aJropuTMa U Jlajiee, UCIoJIb3ys ee,
IIPOBECTU KOPPEKIUIO BECOB KJIACCUYICCKUMHN MeETOdaMM, HallpuMeEp, MEeTOI0M O6paTHOFO
pacipocTpaHeHns OITNOKU.

st BeITIOTHEHUST PAOOTHI U 00y UeHUsT aaropuT™MOoB ObLT Bhibpan dpeiimBopk OpenAl
Gym. Ero 1ocTonHCTBO B TOM, 9TO OH COIEPKUT B ce0€ HECKOJIBKO JIECATKOB CPE/JI, OTJIMTHO
MOJXOAANX Jijist 00ydernss RL aaropuTMoB m He mMeeT M3BECTHBIX aHAJIOrOB. Bcee cpe-
JIBI SIBJISTFOTCS KJTACCHIECKUME UTPAMU PA3HON CJI0YKHOCTH, TIO9TOMY 3a/1a9eil aJTOPUTMOB
CTAHOBUTCS HAYYIUTHCA YCIEITHO UI'PATh B UIPHI U JIOCTUTATH B HUX YIOBJIETBOPUTEIHHBIX
PEe3yILTATOB.

dopmasin3aris MOHIATUA UT'PbI, (popMaIn3anus HECKOJIbKINX KJIACCUIECKNX
UTrp

Urpa npejacrasiser coboit cpey, B KOTopoii seiictByer Arent. B ucrosb3yemoit 6ub-
smoreke OpenAl Gym Bce cpeibl IpeICTABIIEHBI B CJIEIYIONIEM BU/IE.

Kaoicdas u3 npedcmasaeHHbls u2p umeem:

a. Observations (nabiioenust, mpeocrasisiemMbie arenty) b. Actions (crmcok ero Bos-
MOZKHBIX JAEHCTBUN B JaHHON CpezLe).

Observations mpejcTaB/ieHbl B BUe BEKTOPOB WM MHOTOMEPHBIX MacCUBOB. Actions
peJcTaBger coboil BEKTOP IPOHYMEPOBaHHBIX JefcTBHil. ATeHT JI0JI?KEeH, NCXO/Id U3 CBO-
ux HabJII0/IeHn i, BLIOpATh HanboJIee MoIXo/IdIIee AeificTBIe, KOTOPOe MaKCUMU3UPYET €ro
Harpa/y. Baxkuno ormeruTh: AreHT He 3HAET CEMAHTUKHM BHIOPAHHOIO JAEHCTBHUSI, OH MOXKET
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CO BPEMEHEM OOyUUThCS TOMY, YTO, HAXOJACH B onpejeseHHoM coctosiauu (Observations)
IpU BBIOOPE OIPEIETIEHHOTO JEfCTBHUS, OH MOJIYIUT HArpay (TOJIOKUTEIBHYIO U OTPH-
[ATEIBIHYIO).

3adawa “IIpocmparcmeenrnas opuenmauyus xkeadpoxonmepa”

GymFC — 1o cpega OpenAl Gym, criermaibao paspaboranHast Jijisi pa3pabOTKN HH-
TEJUIEKTYAIbHBIX CUCTEM YIIPABJIECHUsS T0JIETOM C UCIOJIb30BAHIEM OOYUEHUs C TIOIKPEell-
seaneM. Cama cpejia BBITIOJIHEHA C UCIOJIb30BaHIEM cuMysisitopa ¢gpusnuku. B peanuzarnun
YYIACTHUKHU JIOJZKHBI HAYIUTHCA YIPABIATH MPOCTPAHCTBEHHON OPHEHTAINEN KBaIPOKO-
nrepa. KBajpokonrep mnpejcrapiisieT coOoil JieTaTe/IbHbII alapar ¢ MecTbio CTEIeHsAMN
cBOOO/IbI, TPEMsI BPAIIATETLHBIMUA U TPEMSI TIOCTYHATETbHBIMU.

Bajiavua mpelycMaTpuBaeT 2 peknMa paboThI:

e smmsonndeckas cpefa (AttFC _ GyroErr-MotorVel M4 Ep-v0) — B nauase kax-
JIOTO STIM30/1a KBaIPOKOIITEP HAXOUTCS B [IOKOe. Bribupaercs ciiydaiinas meeBas
YIJIOBasi CKOPOCTh, KOTOPYIO HEOOXOIMMO JOCTUIHYThH areHTy B TedeHne 1 CexyH-
JAbl, U3Ha9aJ/JIbHO HaXO/sChb B Ha4YaJ/JIbHOM COCTOE{HI/H/I/HOKOG (OTcyTCTBI/Ie YIJVIOBBIX
CKOpoCTeit).

e nosiaas cpeqpa (AttFC  GyroErr-MotorVel M4 Con-v0) — mo cyrmectBy, Takast
JKe, KaK M SIMI30/INIeCKU BAPDUAHT, OJJHAKO OHa paboraer B TedeHue 60 cekyH I U
HEIPEPBIBHO IPOU3BOJILHO MEHSET IIeJIEBbIE YIJIOBBIE CKOPOCTHU CJIydaiiHbIM 0Opa-
30M B mHTepBaJsie BpeMenn mexkiy 0.1, 1] cekyrmamu.

Crmcok BO3MOXKHBIX JeiicTBuii( Actions) npejcrapiisier coboil BEKTOp pasMepHOCTH 4
1 COOTBETCTBYET YeThIPEM BXOJAMU yrpaBjieHust (110 OJJHOMY Ha KaxKJbIil JIBUTATEJIb), CO-
OTBETCTBEHHO €CThb BO3MOXKHOCTb HAIIPAMYIO YIIPABJIATH MOIIHOCTBHIO BPAaIlleHUs KaXKJI0T'0
n3 4 nBuUrarTesieit.

Observations mpejcrasisier coboit BeKTOp pa3mepHocTH 7. e mepsbie 4 semeHTa
- MOIIHOCTH BpallleHus KaKJI0ro u3 4 apurareseil. A ocraBiimecss 3 3jeMeHTa BEKTOPa
- yriabl Diiepa(KpeH, TaHrayK U PBICKAHUE), KOTOPbIE OIUCHIBAIOT MOBOPOT O00BHEKTA B
€BKJINJOBOM IIPOCTPaHCTBE OTHOCHUTEJILHO I/ICXO,ILHOP‘I OCH.
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Hemmozo o nHazpadaxr u owubrax cpedwt

Ommbka /Harpaia HopMaan3oBata Mexk ity [—1, 0], mpejcrasiisiroreii, HACKOIBKO OJII3-
Ka yIJI0Bast CKOPOCTB K IeJIN, BBIYUCJIeHHOH ¢ oMot —clip(SUM (|2 =) /3Qmaz ), Tie
dbyukus clip orpannunBaeT pesysbrar B unTepBase [—1,0] u 4, — ucxoqHas onmbKa
OT MOMEHTA, KOIJIa 3a/[aHHasl YIJIOBask CKOPOCTh YCTAHOBJICHA.

Ouenxa pewerudi

OrieHKa perennii OCyIIeCTBIAETCS Ha OCHOBE MPE3EHTAIINN U JIEMOHCTDAINN areHTa
Ipu HeOOXOMMOCTH. TecTupoBanme arenta OYJIeT IMPOXOJAUTh B PEKUME TIOJHON CUMYJIs-
. [J1s1 Becex y4acTHUKOB Oy/IeT CreHepUpOBAaHO 3 HAYAIbHBIX 3HAUEHUs JIJIs TeHepaTopa
carydaifHbIxX dnces (3 OJMHAKOBBIX /Il BCEX YIACTHUKOB). Ha NaHHBIX 3HAUEHHSIX TeHepa-
TOpa ciIydaiiHbIX duces1 Oyjer 3amyiieno 3 cumynsmnun. Cpeanee 3nadenne REWARD or
cpespl B 3 3aIrycKax OyaeT (DUHAJIBHBIM Pe3yJIbTaTOM JJI PEIeHHs.

JLst TOTIOJTHUTETBHOM UHTEPIPETUPYEMOCTH PE3YIHTATOB YIACTHUKU MOTYT UCIIOJIb-
zoBaTh (pynknuio “plot step response” u3 baseline pemenus, koTopasi cTpout rpadukn
110 3 YTJIOBBIM CKOPOCTSIM.
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[Ipumep rpacdukoB. 13 Hero BUAHO YTO IO JIBYM YIJIOBBIM CKOPOCTSM JIOCTUTHYT
HEIJIOXOH pe3y/ibTaT, a MpoCceIaeT TPeThs yIJIOBasg CKOPOCTh.

Odgopmaenue pewerHus

Y4acTHUKH JOJIZKHBI TPEJIOCTABUTL OJIHO PellleHne, KOTOpoe HeOOXOIMMO PEan30BaTh
o anasiornu ¢ baseline perrenuem.

def main(env_id, seed):

agent = Agent()

ob = env.reset()

actuals = []

desireds = []

while True:
desired = env.omega_target
actual = env.omega_actual
actuals.append(actual)
desireds.append(desired)
action = agent.predict(ob)

ob, reward, done, _ = env.step(action)
if dome:
break

Cebuika wa Cpeny ¢ Basoebim pemennem (jiokep aiin): http://185.127.227.39:
788/nti.tar.xz

Hacmpotixa dokepa nod Linux

1. OmmmonaspHO ocTaBuTh Anaconda Ha OCHOBHYIO CHCTEMY, OTBEYaeM TaM yes Ha
Bce kpome Visual Studio Code.

wget https://repo.anaconda.com/archive/Anaconda3-2018.12-Linux-x86_
64.sh

sudo chmod a-+rwx Anaconda3-2018.12-Linux-x86_64.sh
./Anaconda3-2018.12-Linux-x86 _ 64.sh
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2. CkauaTb JI0Kep
wget http://185.127.227.39:788/nti.tar.xz
tar -xf nti.tar.xz
cd nti
Bce npumepsn depes sudo, HO MoOKeTe 3aBeCTH IOJIL30BATEISI U JIATh €My COOT-
BETCTBYIOIIUE TIPABA.
3. Cobpatb Jiokep obpas
sudo snap install docker
sudo docker-compose -f docker-compose.yml build

4. 3amycTuTh KOHTEHED

sudo docker-compose -f docker-compose.yml up -d

5. Ecsu BbI Ha Haleit BUpTyaJjke 3arpy3uThb coBMecTuMyto BepucO tensorflow

sudo docker exec -it nti_rl 1 bash -¢ "pip3.6 install tensorflow==1.5"

6. IIpoepurh paboTocrocoOHOCTL Oeii3aiiHa 00y deHust

sudo docker exec-it nti_rl 1 bash-c "ed /code/nti/gymfc/examples/controllers/;
python3.6 run_baseline.py —env=AttFC _GyroErr-MotorVel M4 FEp-v0 —num-
timesteps=100"

7. IIpoBepuTh pabOTOCIIOCOOHOCTD Oeit3/1alina TeCTUPOBAHMS

sudo docker exec-it nti_rl 1 bash-c "ed /code/nti/gymfc/examples/controllers/;
python3.6 run_ baseline.py —env=AttFC _GyroErr-MotorVel M4 Ep-v0 —play"

docker exec -it nti_rl 1 bash -¢ "

IToaesnwvie ceviaku npo doxep

e 1Ipo JIOKep B 1esioMm https://habr.com/ru/post/309556/

e Kak HacTpouTh Jupiter Notebook nz-mmox mokepa https://proglib.io/p/docker-
compose/ u https://www.dataquest.io/blog/docker-data-science

® KaK HACTPOUTH BCe U3-TOJT jjokepa https://dev-ops-notes.com/docker/howto-
run- jupiter-keras-tensorflow-pandas-sklearn-and-matplotlib-docker
-container/

3anyck bazosozo pewenue (Ppatia run_ baseline.py)

import os

from baselines.common import tf_util as U
from baselines import logger

import gymfc

import argparse

import numpy as np

import matplotlib

matplotlib.use("Agg")

import matplotlib.pyplot as plt
import gym

import math

def train(num_timesteps, seed, model_path=None, env_id=None):
from baselines.ppol import mlp_policy, pposgd_simple
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def

U.make_session(num_cpu=1).__enter__()

def policy_fn(name, ob_space, ac_space):
return mlp_policy.MlpPolicy(name=name, ob_space=ob_space, ac_space=ac_space,
hid_size=64, num_hid_layers=2)

env = gym.make(env_id)

# parameters below were the best found in a simple random search
# these are good enough to make humanoid walk, but whether those are
# an absolute best or not is mot certain
env = RewScale(env, 0.1)
pi = pposgd_simple.learn(env, policy_fn,
max_timesteps=num_timesteps,
timesteps_per_actorbatch=2048,
clip_param=0.2, entcoeff=0.0,
optim_epochs=10,
optim_stepsize=3e-4,
optim_batchsize=64,
gamma=0.99,
lam=0.95,
schedule="linear",
)
env.close()
if model_path:
U.save_state(model_path)

return pi

class RewScale(gym.RewardWrapper) :

def __init__(self, env, scale):
gym.RewardWrapper.__init__(self, env)
self.scale = scale

def reward(self, r):
return r * self.scale

plot_step_response(desired, actual,
end=1., title=None,
step_size=0.001, threshold_percent=0.1):
nnn
Args:
threshold (float): Percent of the start error
nnn
# actual = actuall:,:end, :]
end_time = len(desired) * step_size
t = np.arange(0, end_time, step_size)

# desired = desired[:end]
threshold = threshold_percent * desired

plot_min = -math.radians(350)
plot_max = math.radians(350)

subplot_index = 3
num_subplots = 3

f, ax = plt.subplots(num_subplots, sharex=True, sharey=False)
f.set_size_inches (10, 5)
if title:
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plt.suptitle(title)
ax[0] .set_x1im([0, end_time])
res_linewidth = 2
linestyles = ["c", "m", "b", "g"]
reflinestyle = "k--"
error_linestyle = "r--"

# Always

ax[0] .set_ylabel("Roll (rad/s)")
ax[1] .set_ylabel ("Pitch (rad/s)")
ax[2] .set_ylabel("Yaw (rad/s)")

ax[-1] .set_xlabel("Time (s)")

mwn RQLL M
# Highlight the starting = azis

ax[0] .axhline (0, color="#AAAAAA")

ax[0] .plot(t, desired[:, 0], reflinestyle)

ax[0] .plot(t, desired[:, 0] - threshold[:, 0], error_linestyle, alpha=0.5)
ax[0] .plot(t, desired[:, 0] + threshold[:, O], error_linestyle, alpha=0.5)

r = actuall:, O]

ax[0] .plot(t[:1len(r)], r, linewidth=res_linewidth)

ax[0] .grid(True)

non pITCH mmn
ax[1] .axhline (0, color="#AAAAAA")
ax[1] .plot(t, desired[:, 1], reflinestyle)

ax[1] .plot(t, desired[:, 1] - threshold[:, 1], error_linestyle, alpha=0.5)
ax[1] .plot(t, desired[:, 1] + threshold[:, 1], error_linestyle, alpha=0.5)

p = actuall:, 1]

ax[1] .plot(t[:1len(p)], p, linewidth=res_linewidth)

ax[1] .grid(True)

non YAW nnn
ax[2] .axhline (0, color="#AAAAAA")
ax[2] .plot(t, desired[:, 2], reflinestyle)

ax[2] .plot(t, desired[:, 2] - threshold[:, 2

], error_linestyle, alpha=0.5)

ax[2] .plot(t, desired[:, 2] + threshold[:, 2], error_linestyle, alpha=0.5)

y = actuall:, 2]

ax[2] .plot(t[:len(y)], y, linewidth=res_linewidth)

ax[2] .grid(True)

plt.savefig("gymfc-ppo-step-response.pdf")

def main():

parser = argparse.ArgumentParser ()
logger.configure ()

parser.add_argument ("--env", type=str, help="The Gym environement ID",
default="AttFC_GyroErr-MotorVel_M4_Con-v0")

parser.add_argument ("--seed", help="RNG seed", type=int, default=0)

parser.add_argument ("--model-path", default=os.path.join("/root/code/nti/

gymfc/humanoid_policy", "hum"))

parser.add_argument ("--play", action="store_true", default=False)
parser.add_argument ("--num-timesteps", type=int, default=2*1e6)

current_dir = os.path.dirname(__file__)
config_path = os.path.join(current_dir,

"../configs/iris.config")
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print ("L
os.envir

args = p

oading config from ", config_path)
on["GYMFC_CONFIG"] = config_path
arser.parse_args ()

if not args.play:
# train the model

trai

else:
prin
# co
pi =
U.lo

env

n(num_timesteps=args.num_timesteps, seed=args.seed,
model_path=args.model_path, env_id=args.env)

t(" Making env=", args.env)

nstruct the model object, load pre-trained model and render
train(num_timesteps=1, seed=args.seed, env_id=args.env)
ad_state(args.model_path)

= gym.make (args.env)

#env.render()

ob =

env.reset ()

actuals = []

desi
whil

reds = []

e True:

desired = env.omega_target
actual = env.omega_actual
actuals.append(actual)
desireds.append(desired)

print("sp=", desired, " rate=", actual)
action = pi.act(stochastic=False, ob=ob) [0]
ob, _, done, _ = env.step(action)
if done:

break

print(np.array(desireds))
print(np.array(actuals))

plot

if __name == "

main()

_step_response (np.array(desireds), np.array(actuals))

__main_

OcHoBa 6a3oBoro pemenus (pposgd simple), Koz ¢ 06y4YeHreM IOJIUTHKAM

MoOaeJin

from baselines.c
from baselines i
import baselines
import tensorflo
import time

from baselines.c
from baselines.c
from mpidpy impo
from collections

def traj_segment
t =0
ac = env.act

ommon import Dataset, explained_variance, fmt_row, zipsame
mport logger

.common.tf_util as U

w as tf, numpy as np

ommon.mpi_adam import MpiAdam
ommon.mpi_moments import mpi_moments
rt MPI

import deque

_generator(pi, env, horizon, stochastic):

ion_space.sample() # not used, just so we have the datatype

new = True # marks 1f we're on first timestep of an episode

ob = env.res

cur_ep_ret =
cur_ep_len =
ep_rets = []
ep_lens W

et

0 # return in current episode

0 # len of current episode

# returns of completed episodes in this segment
# lengths of ...
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# Initialize history arrays

obs = np.array([ob for _ in range(horizon)])
rews = np.zeros(horizon, 'float32')

vpreds = np.zeros(horizon, 'float32')

news = np.zeros(horizon, 'int32')

acs = np.array([ac for _ in range(horizon)])
prevacs = acs.copy()

while True:
prevac = ac
ac, vpred = pi.act(stochastic, ob)
# Slight weirdness here because we need value function at time T
# before returning segment [0, T-1] so we get the correct
# terminal value
if £ > 0 and t % horizon == 0:

yield {"ob" : obs, "rew" : rews, "vpred" : vpreds, '"new" : news,
"ac" : acs, "prevac" : prevacs, "nextvpred": vpred * (1 - new),
"ep_rets" : ep_rets, "ep_lens" : ep_lens}

# Be careful!!! if you change the downstream algorithm to aggregate
# several of these batches, then be sure to do a deepcopy
ep_rets = []

ep_lens = []
i =t % horizon
obs[i] = ob

vpreds[i] = vpred
news[i] = new
acs[i] = ac
prevacs[i] = prevac

ob, rew, new, _ = env.step(ac)
rews[i] = rew

cur_ep_ret += rew

cur_ep_len += 1

if new:
ep_rets.append(cur_ep_ret)
ep_lens.append(cur_ep_len)
cur_ep_ret = 0
cur_ep_len = 0
ob = env.reset()

t +=1

def add_vtarg_and_adv(seg, gamma, lam):

mmnn

Compute target wvalue using TD(lambda) estimator, and advantage with GAE(lambda)
new = np.append(seg['new"], 0) # last element %is only used for last wvtarg,
# but we already zeroed it <f last new = 1
vpred = np.append(seg["vpred"], seg['"nextvpred"])
T = len(seg['"rew"])
segl["adv"] = gaelam = np.empty(T, 'float32')
rew = seg["rew"]
lastgaelam = O
for t in reversed(range(T)):
nonterminal = 1-new[t+1]
delta = rew[t] + gamma * vpred[t+1] * nonterminal - vpred[t]
gaelam[t] = lastgaelam = delta + gamma * lam * nonterminal * lastgaelam
seg["tdlamret"] = segl["adv"] + segl["vpred"]
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def learn(env, policy_fn, *,

timesteps_per_actorbatch, # timesteps per actor per update
clip_param, entcoeff, # clipping parameter epsilon, entropy coeff
optim_epochs, optim_stepsize, optim_batchsize,# optimization hypers
gamma, lam, # advantage estimation

max_timesteps=0, max_episodes=0, max_iters=0, max_seconds=0, # time constraint

callback=None, # you can do anything in the callback,
# since it takes locals(), globals()
adam_epsilon=1e-5,

schedule='constant' # annealing for stepsize parameters (epsilon and adam)

)

# Setup losses and stuff

ob_space = env.observation_space

ac_space
pi = policy_fn("pi", ob_space, ac_space) # Construct network for new policy

env.action_space

oldpi = policy_fn("oldpi", ob_space, ac_space) # Network for old policy

atarg = tf.placeholder(dtype=tf.float32, shape=[Nonel) # Target advantage function

#

(if applicable)

ret = tf.placeholder(dtype=tf.float32, shape=[Nonel) # Empirical return

lrmult = tf.placeholder (name='lrmult', dtype=tf.float32, shape=[]) # learning rate
# multiplier, updated with schedule

ob = U.get_placeholder_cached(name="ob")
ac = pi.pdtype.sample_placeholder([None])

kloldnew = oldpi.pd.kl(pi.pd)

ent = pi.pd.entropy()

meankl = tf.reduce_mean(kloldnew)
meanent = tf.reduce_mean(ent)
pol_entpen = (-entcoeff) * meanent

ratio = tf.exp(pi.pd.logp(ac) - oldpi.pd.logp(ac)) # pnew / pold
surrl = ratio * atarg # surrogate from conservative policy iteration

surr2 = tf.clip_by_value(ratio, 1.0 - clip_param, 1.0 + clip_param) * atarg #

pol_surr = - tf.reduce_mean(tf.minimum(surrl, surr2)) # PP0's pessimistic
# surrogate (L~CLIP)

vf_loss = tf.reduce_mean(tf.square(pi.vpred - ret))

total_loss = pol_surr + pol_entpen + vf_loss

losses = [pol_surr, pol_entpen, vf_loss, meankl, meanent]
loss_names = ["pol_surr", "pol_entpen", "vf_loss", "k1", "ent"]

var_list = pi.get_trainable_variables()

lossandgrad = U.function([ob, ac, atarg, ret, lrmult], losses +
[U.flatgrad(total_loss, var_list)])

adam = MpiAdam(var_list, epsilon=adam_epsilon)

assign_old_eq_new = U.function([],[], updates=[tf.assign(oldv, newv)

for (oldv, newv) in zipsame(oldpi.get_variables(), pi.get_variables())])

compute_losses = U.function([ob, ac, atarg, ret, lrmult], losses)

U.initialize()
adam.sync ()

# Prepare for rollouts

seg_gen = traj_segment_generator(pi, env, t

imesteps_per_actorbatch, stochastic=True)
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episodes_so_far = 0

timesteps_so_far = 0

iters_so_far = 0

tstart = time.time()

lenbuffer = deque(maxlen=100) # rolling buffer for episode lengths

rewbuffer = deque(maxlen=100) # rolling buffer for episode rewards

assert sum([max_iters>0, max_timesteps>0, max_episodes>0, max_seconds>0])==1,
"Only one time constraint permitted"

while True:
if callback: callback(locals(), globals())
if max_timesteps and timesteps_so_far >= max_timesteps:

break
elif max_episodes and episodes_so_far >= max_episodes:
break
elif max_iters and iters_so_far >= max_iters:
break
elif max_seconds and time.time() - tstart >= max_seconds:
break
if schedule == 'constant':
cur_lrmult = 1.0
elif schedule == 'linear':
cur_lrmult = max(1.0 - float(timesteps_so_far) / max_timesteps, 0)
else:

raise NotImplementedError
logger.log("#*#kkskkkk ITteration %1 skssksskkxkx")iters_so_far)

seg = seg_gen.__next__()
add_vtarg_and_adv(seg, gamma, lam)

# ob, ac, atarg, ret, tdlret = map(np.concatenate,
# (obs, acs, atargs, rets, tdirets))
ob, ac, atarg, tdlamret = seg["ob"], segl["ac"], segl["adv"], segl["tdlamret"]
vpredbefore = seg['"vpred"] # predicted value function before udpate
atarg = (atarg - atarg.mean()) / atarg.std() # standardized advantage
# function estimate
d = Dataset(dict(ob=ob, ac=ac, atarg=atarg, vtarg=tdlamret),
shuffle=not pi.recurrent)
optim_batchsize = optim_batchsize or ob.shape[0]

if hasattr(pi, "ob_rms"): pi.ob_rms.update(ob) # update running
# mean/std for policy

assign_old_eq_new() # set old parameter wvalues to new parameter values
logger.log("Optimizing...")
logger.log(fmt_row(13, loss_names))
# Here we do a bunch of optimization epochs over the data
for _ in range(optim_epochs):
losses = [] # list of tuples, each of which gives the loss for a minibatch
for batch in d.iterate_once(optim_batchsize):
*newlosses, g = lossandgrad(batch["ob"], batch["ac"], batch["atarg"],
batch["vtarg"], cur_lrmult)
adam.update(g, optim_stepsize * cur_lrmult)
losses.append(newlosses)
logger.log(fmt_row(13, np.mean(losses, axis=0)))
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logger.log("Evaluating losses...")
losses = []
for batch in d.iterate_once(optim_batchsize):
newlosses = compute_losses(batch["ob"], batch["ac"], batch["atarg"],
batch["vtarg"], cur_lrmult)
losses.append(newlosses)
meanlosses,_,_ = mpi_moments(losses, axis=0)
logger.log(fmt_row(13, meanlosses))
for (lossval, name) in zipsame(meanlosses, loss_names):
logger.record_tabular("loss_"+name, lossval)
logger.record_tabular("ev_tdlam_before",
explained_variance(vpredbefore, tdlamret))
lrlocal = (segl'"ep_lens"], segl['"ep_rets"]) # local wvalues
listoflrpairs = MPI.COMM_WORLD.allgather(lrlocal) # list of tuples
lens, rews = map(flatten_lists, zip(*listoflrpairs))
lenbuffer.extend(lens)
rewbuffer.extend(rews)
logger.record_tabular("EpLenMean", np.mean(lenbuffer))
logger.record_tabular("EpRewlMean", np.mean(rewbuffer))
logger.record_tabular("EpThisIter", len(lens))
episodes_so_far += len(lens)
timesteps_so_far += sum(lens)
iters_so_far += 1
logger.record_tabular("EpisodesSoFar", episodes_so_far)
logger.record_tabular("TimestepsSoFar", timesteps_so_far)
logger.record_tabular("TimeElapsed", time.time() - tstart)
if MPI.COMM_WORLD.Get_rank()==0:
logger.dump_tabular ()

return pi

def flatten_lists(listoflists):
return [el for list_ in listoflists for el in list_]



