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SeqGAN OTUS

Mbl y>ke yMeeM reHepupoBaTb KAPTUHKN N BCAKNE MHOTOMEPHbIE BEKTOPA C MOMOLLLIO
GANS, HO YTO € TEKCTaMMn 1 nocnegoBaTebHOCTAMU BOOOLLE?
B yem npo6nema?
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SeqGAN OTUS

Tak Kak Mbl HE MOXXEM MPOMNYCTUTb rPagNEHT HaNPAMYH CKBO3b OUCKPETHYIO
nocnenoBaTefibHOCTb, AaBanTe ncnonb3osaTtb RL!
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Policy Gradient

Yu et al. SeqGAN: Sequence Generative Adversarial Nets with Policy Gradient
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ORGAN OTUS

Hy a pas Mbl cunTaemM ownbKy Kak MaT.oXXngaHne Kakon-To CTpaHHOW PYHKLNK

OCHOBaHHOW Ha ceMmnnax U3 Hawen mogenun, n anddepeHunpoBaTb HamMm OonNbLUE €€ He

Hano, naBanTe nobaBMM BCAKUX cliaraemMbix!

Reinforcement
Learning

synthetic
data

real Penalize
data repetitions Objectives

Guimaraes et al. Objective-Reinforced Generative Adversarial Networks (ORGAN) for Sequence Generation Models
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ORGAN OTUS

B kauecTtBe Objectives MoryT BbICTynaTb OLUEHKN OT CTOPOHHEro codTa 1n accecopos,
Ba/IMOHOCTb UM pa3dHoobpasne 06bLEKTOB B CreHepupoBaHHOM baTtye v T.4.

Reinforcement
Learning

synthetic
data

real Penalize
data repetitions Objectives

Guimaraes et al. Objective-Reinforced Generative Adversarial Networks (ORGAN) for Sequence Generation Models
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Imitation Learning vs Inversed RL O T U S

Mbl y>ke obcy>xaanun, 4YTo y4NTbCS MOXXHO ga)ke He 3Hasl Harpapg, rnsgs Ha To, Kak cebs
BEET «3KCNEPT».

Imitation Learning nogxopn nogpasymeBaEeT YTO Mbl MblITAEMCH HAYYUTbCH
npeackasbiBaTb NOBEAEHNE «3KCNEPTa» B KaXXA0M 3a4aHHOM COCTOSIHUMN.

minimize errors

expert P o
action using supervised learning
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Imitation Learning vs Inversed RL O T U S

Mbl y>ke obcy>xaanun, 4YTo y4NTbCS MOXXHO ga)ke He 3Hasl Harpapg, rnsgs Ha To, Kak cebs
BeET «3KCNepT».

Imitation Learning nogxon nogpasymeBaeT YTO Mbl MblTaeMCs Hay4YNTbCSA
npenckasbiBaTb NOBeOeHNE «3KCNepTa» B KaXXA0OM 3a4aHHOM COCTOSIHUMN.

Inversed RL 3akntovaeTtcs B TOM, UTOObI NpnaymMmaTh Takyro QYHKUMIO Harpan, Kotopas
obbsicHANa 6bl NOBEOEHNE «3KCMepTa» Hauy4wmm obpasom.

B yem npo6sembl ¢ 3TUMU noagxoaamMmmn?

Environment
Model (MDP)

4

Inverse Reinforcement Optimal

Reward
FunctionR (s) — Leaming (RL.) — policy ©

| {

R that explains Expert Trajectories
expert trajectories So» g, S1, A1, 52, A3
7
s - VN Y
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Imitation Learning vs Inversed RL O T U S

Mbl y>ke obcy>xaanun, 4YTo y4NTbCS MOXXHO ga)ke He 3Hasl Harpapg, rnsgs Ha To, Kak cebs
BEET «3KCNEPT».

Imitation Learning nogxopn nogpasymeBaEeT YTO Mbl MblITAEMCH HAYYUTbCH
npeackasbiBaTb NOBEAEHNE «3KCNEPTa» B KaXXA0M 3a4aHHOM COCTOSIHUMN.

Ecnn 3apava 6onblias a gaHHbIX Maso, TO Mbl HAYEMY HE HAy4YMMCS.

minimize errors

expert P 9
action using supervised learning
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Imitation Learning vs Inversed RL O T U S

Mbl y>ke obcy>xaanun, 4YTo y4NTbCS MOXXHO ga)ke He 3Hasl Harpapg, rnsgs Ha To, Kak cebs
BELOET «3KCMepT».

Inversed RL 3akntovaeTtcs B TOM, UTOObI NpnaymMmaTh Takyro QYHKUMIO Harpan, Kotopas
obbsAcHsANa 6bl NOBEAEHNE «3KCMEPTa» HaUTy4YLMm obpasom.

O6HOBMB (PYHKLMIO BO3HArpa)kaeHnst Mbl JO/KHbl OOHOBUTb U ONTUMAaJTBHYHO
cTparTerunto, To ecTb, MO CyTW, caenaTb eLe ognH umkn odbyvyeHnst obbivHoro RL.

OTO OYeHb OOSro.

Environment
Model (MDP)

4

Inverse Reinforcement Optimal

Reward
FunctionR (s) — Leaming (RL.) — policy ©

| {

R that explains Expert Trajectories
expert trajectories So» Ao, S1, A1 ,S2, A5 _
- , v g‘v
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Adversarial Imitation Learning OTUS

OkasbiBaeTcs, Tak e Kak ¢ GANS, Mbl MOXKEM yunTb MYHKLUUIO BO3HArpaXkAeHnsi 1
ONMTMMarbHYO CTpaTeErMm B COCTA3aTE/IbHOM PEXUME.

En[log(D (s, a))] + E,, [log(l — D(s, a))] — AH ()

Ho et al. Generative Adversarial Imitation Learning
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Adversarial Imitation Learning OTUS

OkasbiBaeTcs, Tak e Kak ¢ GANS, Mbl MOXKEM yunTb MYHKLUUIO BO3HArpaXkAeHnsi 1
ONMTMMarbHYO CTpaTeErMm B COCTA3aTE/IbHOM PEXUME.

En[log(D (s, a))] + E,, [log(l — D(s, a))] — AH ()

Ha camom pene, B 3ToM noaxoae ectb oavH HebosbLon obmaH.
KTo HanpgeT B 4YeM OH 3akJirouaetTca?

Ho et al. Generative Adversarial Imitation Learning
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Adversarial Imitation Learning OTUS

OkasbiBaeTcs, Tak e Kak ¢ GANS, Mbl MOXKEM yunTb MYHKLUUIO BO3HArpaXkAeHnsi 1
ONMTMMarbHYO CTpaTeErMm B COCTA3aTE/IbHOM PEXUME.

En[log(D (s, a))] + E,, [log(l — D(s, a))] — AH ()

Ha camom pene, B 3ToM noaxoae ectb oavH HebosbLon obmaH.

CyTb B TOM, YTO €CJIN Mbl HAy4YnMcCsl BECTU cebsi naeanbHO B COOTBETCTBUMN CO
cTpaTerneun «adkcnepTar», AUCKPUMMUHATOP A5l BCEX OENCTBUN BO BCEX COCTOAHUSIX
byneT BbigaBaTb 0.69. Ho aTy npobnemy B ToM Xe rogy pewmnna Chelsea Finn c
coaBTopamu B ctaTtbe «A Connection between Generative Adversarial Networks, Inverse
Reinforcement Learning, and Energy-Based Models»

Ho et al. Generative Adversarial Imitation Learning
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Adversarial Imitation Learning
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MHOrosagadyHoCTb OT US

TOYHO TaK >ke Kak ¢ 0Obl4HbIMW HENPOHKaMM AN Knaccudukauum nnm reHepauum, B
rnyboKoM oby4yeHnn ¢ NoAKPENIEHNEM MOXXET BO3HUKHYTb CUTYaUus NPy KOTOPOW Bam
3ax04eTCH Hay4YnTb Bally MOAENb peLlaTh elle ogHy MoAesib He 3abbiB Npy 3TOM Kak
pellaTb npeabiayLune 3agadn.

Learning Curve Learning Curve
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Caselles-Dupré et al. Continual State Representation Learning for Reinforcement Learning using Generative Replay
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MHOrosagadyHoCTb OT US

B cTatbe BbIIOXXKEHHOW Napy MecsaueB Hasad, MHOro3aga4vyHoCTb Npeg/aratoT pewaTh C
NOMOLLbIO COXPaHEHNA cTpaTerun.

Model transfer ————pp» Data transmission Tasks
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Learning task |

Learning task n

Traoré et al. DisCoRL: Continual Reinforcement Learning via Policy Distillation
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MHorosagayHocCTb

State RL — 3710 ceTka nossonstowaga genatb yooobHble onncaHns npeacTtasieHnn. A

nocne Toro Kak oHa oby4mnacb Mbl y>Ke MOXXeM 0by4aTb OCHOBHYIO Moaenb RL.
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Traoré et al. DisCoRL: Continual Reinforcement Learning via Policy Distillation
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1. Objectively Reinforced GANs

2. Adversarial Imitation Learning

3. Multitask RL
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Teacher Forcing

Vi

Vi

non-teacher forcing
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teacher forcing
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OpgHa n3 npobnem Teacher Forcing
3aKJ/1t04aEeTCH B TOM, YTO COCTOSAHUS
siyeek BO BpeMs free-run MOryT CUbHO
OT/INYaTLCHA OT COCTOSAHUW MPW
ncnosb3dosaHum Teacher forcing. T.e. BO
BpPeMSs reHepauui HOBbIX NPUMEPOB Mbl
paboTaem B gpyron obnactu
npocTpaHcTBa.

Kak 3To ncnpasurtb?



Professor Forcing OTUS

Ecnn go aToro mMbl «QUCKPUMMUHUPOBann» cTpaTeruy, To 34eCb Mbl MOLWN eLle ganblue,
N CpaBHMBaEM Mexay cobou npencraBfieHnUss COCTOAHUN B Pa3HbIX peXXnmax.

Teacher
Forcing
(AN e i - A )
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Free
Running
Lamb et al. Professor Forcing: A New Algorithm for Training Recurrent Networks
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