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Recap: TRPO



Reminder: Policy Gradient

Jpπθq :“ ET „πθ

ÿ

tě0

γtrt

∇θJpπθq « ET „πθ

ÿ

tě0
loooomoooon

data generated by πθ

(sample pairs s, a from trajectories T „ πθ)

log-likelihood
hkkkkkkkkikkkkkkkkj

∇θ log πθpat | stq pQπθpst , atq ´

baseline
hkkikkj

V πθpstqq
looooooooooooomooooooooooooon

Aπθ pst , atq

critic estimation

Everything is great except it is on-policy!
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More efficient Policy Gradient?

∇θJpπθq “
1

1 ´ γ
Es„dπθ psqEa„πθpa|sq
looooooooomooooooooon

data generated by πθ

∇θ log πθpa | sqAπθps, aq

Suppose we:

• want to optimize πθ (compute gradient for current θ);

• have data (trajectory samples) from policy πold;
• i.e. we can estimate Es„d

πold psq and Ea„πoldpa|sq;
• i.e. we can train V πold

psq and thus estimate Aπold
ps, aq;

TRPO: use more efficient optimization procedure than SGD!
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Relative Performance Identity

Jpπθq ´ Jpπold
q “

1
1 ´ γ

Es„dπθ psqEa„πθpa|sqA
πold

ps, aq

We performed reward shaping us-
ing another policy’s value function!
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Surrogate objective

Introduce surrogate objective:

Jpπθq ´ Jpπold
q « Lπoldpθq :“

1
1 ´ γ

Es„d
πold psqEa„πoldpa|sq

looooooooooomooooooooooon

data generated by πold

importance sampling
correction

hkkkkikkkkj

πθpa | sq

πoldpa | sq
Aπold

ps, aq
loooomoooon

do not require
fresh critic

• we can work with it;
• directs to policy improvement of πold:

• optimizing θ with fixed πold will learn argmax
a

Aπold
ps, aq

• optimizing θ with fixed data will learn πθpa | sq “ 1 if Aps, aq ą 0,
πθpa | sq “ 0 otherwise.

4



Surrogate objective

Introduce surrogate objective:

Jpπθq ´ Jpπold
q « Lπoldpθq :“

1
1 ´ γ

Es„d
πold psqEa„πoldpa|sq

looooooooooomooooooooooon

data generated by πold

importance sampling
correction

hkkkkikkkkj

πθpa | sq

πoldpa | sq
Aπold

ps, aq
loooomoooon

do not require
fresh critic

• we can work with it;
• directs to policy improvement of πold:

• optimizing θ with fixed πold will learn argmax
a

Aπold
ps, aq

• optimizing θ with fixed data will learn πθpa | sq “ 1 if Aps, aq ą 0,
πθpa | sq “ 0 otherwise.

4



Surrogate objective

Introduce surrogate objective:

Jpπθq ´ Jpπold
q « Lπoldpθq :“

1
1 ´ γ

Es„d
πold psqEa„πoldpa|sq

looooooooooomooooooooooon

data generated by πold

importance sampling
correction

hkkkkikkkkj

πθpa | sq

πoldpa | sq
Aπold

ps, aq
loooomoooon

do not require
fresh critic

• we can work with it;

• directs to policy improvement of πold:
• optimizing θ with fixed πold will learn argmax

a
Aπold

ps, aq

• optimizing θ with fixed data will learn πθpa | sq “ 1 if Aps, aq ą 0,
πθpa | sq “ 0 otherwise.

4



Surrogate objective

Introduce surrogate objective:

Jpπθq ´ Jpπold
q « Lπoldpθq :“

1
1 ´ γ

Es„d
πold psqEa„πoldpa|sq

looooooooooomooooooooooon

data generated by πold

importance sampling
correction

hkkkkikkkkj

πθpa | sq

πoldpa | sq
Aπold

ps, aq
loooomoooon

do not require
fresh critic

• we can work with it;
• directs to policy improvement of πold:

• optimizing θ with fixed πold will learn argmax
a

Aπold
ps, aq

• optimizing θ with fixed data will learn πθpa | sq “ 1 if Aps, aq ą 0,
πθpa | sq “ 0 otherwise.

4



Surrogate objective

Introduce surrogate objective:

Jpπθq ´ Jpπold
q « Lπoldpθq :“

1
1 ´ γ

Es„d
πold psqEa„πoldpa|sq

looooooooooomooooooooooon

data generated by πold

importance sampling
correction

hkkkkikkkkj

πθpa | sq

πoldpa | sq
Aπold

ps, aq
loooomoooon

do not require
fresh critic

• we can work with it;
• directs to policy improvement of πold:

• optimizing θ with fixed πold will learn argmax
a

Aπold
ps, aq

• optimizing θ with fixed data will learn πθpa | sq “ 1 if Aps, aq ą 0,
πθpa | sq “ 0 otherwise.

4



Minorization-maximization algorithm

We discovered a variational lower bound for our objective:

Jpπθq ´ Jpπoldq ě Lπoldpθq ´ C KLmax
pπold ∥ πθq

• Minorization: construct a new
lower bound; in our case simply
use πold Ð πθ.

• Maximization: optimize lower
bound (as long as you want).

guarantees monotonic improvement!
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Glue and Tape to the Rescue!

Lπoldpθq ´ C KLmax
pπold ∥ πθq Ñ max

θ

Issues:
• critic is imperfect :(

• well, use what you have...

• can’t work with KLmax :(
• well, change to

Es KLpπold
p¨ | sq ∥ πθp¨ | sqqq...

• we do not know constant C :(
• well, it is some hyperparameter...

• and, actually, it is extremely huge :(
• Hmmm...
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The End?
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Trust Region Policy Optimization (TRPO)

$

&

%

Lπoldpθq Ñ max
θ

KLpπold ∥ πθq ď δ

✓ robust: prevents large changes;

ˆ critic and actor can’t share backbone;

ˆ computationally costly;

ˆ complicated :(
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PPO Objective



Proximal Policy Optimization (PPO): Pipeline

Es„d
πold psqEa„πoldpa|sq

πθpa | sq

πoldpa | sq
Aπold

ps, aq ´ C KLpπold ∥ πθq Ñ max
θ
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Clipping Objective

Lπoldpθq ´ C KLpπold ∥ πθq Ñ max
θ

Default surrogate function:

ρpθq :“
πθpa | sq

πoldpa | sq

Lπoldpθq :“ Es,aρpθqAπold
ps, aq

Clipped surrogate function:

ρclippθq :“ clippρpθq, 1 ´ ϵ, 1 ` ϵq

Lclip
πoldpθq :“ Es,aρ

clippθqAπold
ps, aq
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Recalling lower bound intuition

Es„d
πold psqEa„πoldpa|sq minp

original term
hkkkkkkkikkkkkkkj

ρpθqAπold
ps, aq,

term with clipped
importance sampling weight

hkkkkkkkkkikkkkkkkkkj

ρclippθqAπold
ps, aq q ´

«regularization»
hkkkkkkkkikkkkkkkkj

C KLpπold ∥ πθq Ñ max
θ

Advantage Sign Direction Bad ratio case Gradient

Aπold
ps, aq ě 0

πθpa | sq ò
ρpθq ą 1.2 0

ρpθq ă 0.8 same

Aπold
ps, aq ă 0 πθpa | sq ó

ρpθq ą 1.2 same

ρpθq ă 0.8 0
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hkkkkkkkkkikkkkkkkkkj

ρclippθqAπold
ps, aq q ´

«regularization»
hkkkkkkkkikkkkkkkkj

C KLpπold ∥ πθq Ñ max
θ

Advantage Sign Direction Bad ratio case Gradient

Aπold
ps, aq ě 0 πθpa | sq ò

ρpθq ą 1.2 0

ρpθq ă 0.8 same

Aπold
ps, aq ă 0 πθpa | sq ó

ρpθq ą 1.2 same

ρpθq ă 0.8 0
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Clipped Critic Loss

Losspϕq :“ py ´ V πpϕqq2 “

“ py ´ V old ` V old ´ V πpϕqq2

Lossclippϕq :“ py ´ V old ` clippV old ´ V πpϕq,´ϵ̂, ϵ̂qq2

maxpLosspϕq, Lossclippϕqq
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Bias-Variance trade-off



Bias-Variance trade-off

Given rollout s, r , s 1, r 1, s2, r2 . . . spMq from policy π and approximation of V πpsq

perform credit assignment for state-action pair s, a (was this decision good or bad?)

For Actor:

∇ :“ ρpθq∇θ log πθpa | sqΨps, aq
loomoon

advantage
estimator

For Critic:

yQ
loomoon

target
for regression

:“ Ψps, aq ` V πpsq

Ψps, aq Bias Variance

Monte Carlo Ψp8qps, aq :“ r ` γr 1 ` γ2r2 ` ¨ ¨ ¨ ´ V πpsq 0 high

N-step ΨpNqps, aq :“ r ` γr 1 ` ¨ ¨ ¨ ` γNV πpspNqq ´ V πpsq intermediate intermediate

1-step Ψp1qps, aq :“ r ` γV πps 1q ´ V πpsq high low

Problem: hard to choose N.
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Backward view: idea

N-step update:

V πpsq Ð V πpsq ` αΨpNqps, aq

How to turn 1-step update into 2-step?

N-step error is a sum of 1-step errors

ΨpNqps, aq “

N
ÿ

t“0

γtΨp1qpsptq, aptqq

V πpsq Ð V πpsq ` α

Ψp1qps,aq
hkkkkkkkkkkkkkkikkkkkkkkkkkkkkj

`

r ` γV πps 1q ´ V πpsq
˘

` α

γΨp1qps1,a1
q

hkkkkkkkkkkkkkkkkkikkkkkkkkkkkkkkkkkj

`

γr 1 ` γ2V πps2q ´ γV πps 1q
˘

“

“ V πpsq ` αΨp2qps, aq

14
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Eligibility Traces

Use 1-step TD-error to up-
date V πpsq for all states

Define eligibility trace epsq as a coefficient of
update:

@s : V πpsq Ð V πpsq ` αepsqΨp1q

Online «Monte-Carlo» updates:

• @s : epsq :“ 0 at the start of each episode

• epsq Ð epsq ` 1 after visiting s

• @s : epsq Ð γepsq after each step

15



Eligibility Traces

Use 1-step TD-error to up-
date V πpsq for all states

Define eligibility trace epsq as a coefficient of
update:

@s : V πpsq Ð V πpsq ` αepsqΨp1q

Online «Monte-Carlo» updates:

• @s : epsq :“ 0 at the start of each episode

• epsq Ð epsq ` 1 after visiting s

• @s : epsq Ð γepsq after each step

15



Eligibility Traces

Use 1-step TD-error to up-
date V πpsq for all states

Define eligibility trace epsq as a coefficient of
update:

@s : V πpsq Ð V πpsq ` αepsqΨp1q

Online «Monte-Carlo» updates:

• @s : epsq :“ 0 at the start of each episode

• epsq Ð epsq ` 1 after visiting s

• @s : epsq Ð γepsq after each step

15



Eligibility Traces

Use 1-step TD-error to up-
date V πpsq for all states

Define eligibility trace epsq as a coefficient of
update:

@s : V πpsq Ð V πpsq ` αepsqΨp1q

Online «Monte-Carlo» updates:

• @s : epsq :“ 0 at the start of each episode

• epsq Ð epsq ` 1 after visiting s

• @s : epsq Ð γepsq after each step

15



Eligibility Traces

Use 1-step TD-error to up-
date V πpsq for all states

Define eligibility trace epsq as a coefficient of
update:

@s : V πpsq Ð V πpsq ` αepsqΨp1q

Online «Monte-Carlo» updates:

• @s : epsq :“ 0 at the start of each episode

• epsq Ð epsq ` 1 after visiting s

• @s : epsq Ð γepsq after each step

15



Eligibility Traces

Use 1-step TD-error to up-
date V πpsq for all states

Define eligibility trace epsq as a coefficient of
update:

@s : V πpsq Ð V πpsq ` αepsqΨp1q

Online «Monte-Carlo» updates:

• @s : epsq :“ 0 at the start of each episode

• epsq Ð epsq ` 1 after visiting s

• @s : epsq Ð γepsq after each step

15



TD(1) and TD(0)

TD(1)

Input: policy π

Initialize V πpsq arbitrarily
Initialize epsq “ 0

observe s0
for k “ 0, 1, 2 . . .

• take action ak „ π, observe rk , sk`1

• Ψp1q :“ rk ` γV πpsk`1q ´ V πpskq

• epskq Ð epskq ` 1

• @s : V πpsq Ð V πpsq ` αepsqΨp1q

• @s : epsq Ð γepsq

TD(0)

Input: policy π

Initialize V πpsq arbitrarily
Initialize epsq “ 0

observe s0
for k “ 0, 1, 2 . . .

• take action ak „ π, observe rk , sk`1

• Ψp1q :“ rk ` γV πpsk`1q ´ V πpskq

• epskq Ð epskq ` 1

• @s : V πpsq Ð V πpsq ` αepsqΨp1q

• @s : epsq Ð 0 ¨ γepsq
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TD(λ)

TD(λ)

Input: policy π
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Backward view vs Forward view

Forward View
Give credit to present from known future

«is this decision good or bad based on the
outcome?»

Backward View
Update past credits with present information

«which decisions in the past to blame?»

18
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Forward view for TD(λ)

Step Update Ψp1qps, aq Ψp2qps, aq Ψp3qps, aq . . . ΨpNqps, aq

0 Ψp1qps, aq 1 0 0 0

1 Ψp1qps, aq ` γλΨp1qps 1, a1q 1 ´ λ λ 0 0

2
Ψp1qps, aq ` γλΨp1qps 1, a1q`

1 ´ λ p1 ´ λqλ λ2 0
`pγλq2Ψp1qps2, a2q

...

N
řN

tě0pγλqtΨp1qpsptq, aptqq 1 ´ λ p1 ´ λqλ p1 ´ λqλ2 λN

Equivalent forms of TD(λ) updates
8
ÿ

t“0

pγλqtΨp1qpsptq, aptqq “ p1 ´ λq

8
ÿ

N“1

λN´1ΨpNqps, aq

19
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Generalized Advantage Estimation (GAE)

What if for some pair s, a we do not know our
future until the end of episode, but only T

steps ahead?

ΨGAEps, aq :“
T

ÿ

t“0

pγλqtΨp1qpsptq, aptqq

Equation used in practice:

ΨGAEpst , atq “ Ψp1qpst , atq`

` λγp1 ´ donet`1qΨGAEpst`1, at`1q
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GAE in Advantage Actor-Critic

Longer rollouts produce richer GAE ensemble.

In A2C rollouts are usually short, so λ “ 1 is common choice.
(sometimes called max-trace estimation)
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Combining all together



Proximal Policy Optimization: implementation matters

Key elements:

✓ Clipped policy loss

✓ Clipped critic loss

✓ GAE

Pipeline details:

! Advantage normalization in mini-batches

• No KL regularization

• Entropy loss

Other hacks:

! Reward normalization1 and clipping

• Observations normalization and clipping2

• Orthogonal initialization of layers

• ϵ (clipping parameter) annealing

Standard tricks:

• Adam, learning rate annealing

• Tanh activation functions

! Gradient clipping

1divided by running std of collected cumulative rewards
2can be critical in continuous control
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Full Pipeline: pt.I

Proximal Policy Optimization (PPO)

Initialize πpa | s, θq,V π
ϕ psq;

for k “ 0, 1, 2 . . .

• collect several rollouts s0, a0, r0, s1, done1, a1 . . . sN , doneN using πpa | s, θq;
store probabilities of selected actions as πoldpat | stq :“ πpat | st , θq

store critic output as V oldpstq :“ V π
ϕ pstq

• compute 1-step errors: Ψp1qpst , atq :“ rt ` γp1 ´ donet`1qV π
ϕ pst`1q ´ V π

ϕ pstq

• compute GAE advantage estimations: ΨGAEpsN´1, aN´1q :“ Ψp1qpsN´1, aN´1q

• for t from N ´ 2 to 0:
• ΨGAE

pst , atq :“ Ψp1qpst , atq ` λγp1 ´ donet`1qΨGAE
pst`1, at`1q

• compute critic targets: ypstq :“ ΨGAEpst , atq ` V π
ϕ pstq

• construct dataset of pst , at ,Ψ
GAEpst , atq, ypstq, π

oldpat | stq,V
oldpstqq
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Full Pipeline: pt.II

Proximal Policy Optimization (PPO) -- cont.

• go through dataset n_epochs times, sampling mini-batches of size B; for each mini-batch:

• normalize ΨGAE
ps, aq in the batch by subtracting mean and dividing by std

• compute importance sampling weights:

ρps, a, θq :“
πpa | s, θq

πoldpa | sq
, ρclip

ps, a, θq “ clippρps, a, θq, 1 ´ ϵ, 1 ` ϵq

• update actor:

L1ps, a, θq :“ ρps, a, θqΨGAE
ps, aq, L2ps, a, θq :“ ρclip

ps, a, θqΨGAE
ps, aq

θ Ð θ ` α∇θ
1
B

ÿ

s,a

minpL1ps, a, θq, L2ps, a, θqq

• update critic:
Loss1ps, ϕq :“

`

ypsq ´ V π
ϕ psq

˘2

Loss2ps, ϕq :“
´

ypsq ´ V old
psq ´ clippV π

ϕ psq ´ V old
psq, ϵ̂,´ϵ̂q

¯2

ϕ Ð ϕ ´ α∇ϕ
1
B

ÿ

s

maxpLoss1ps, ϕq, Loss2ps, ϕqq

24



Full Pipeline: pt.II

Proximal Policy Optimization (PPO) -- cont.

• go through dataset n_epochs times, sampling mini-batches of size B; for each mini-batch:
• normalize ΨGAE

ps, aq in the batch by subtracting mean and dividing by std

• compute importance sampling weights:

ρps, a, θq :“
πpa | s, θq

πoldpa | sq
, ρclip

ps, a, θq “ clippρps, a, θq, 1 ´ ϵ, 1 ` ϵq

• update actor:

L1ps, a, θq :“ ρps, a, θqΨGAE
ps, aq, L2ps, a, θq :“ ρclip

ps, a, θqΨGAE
ps, aq

θ Ð θ ` α∇θ
1
B

ÿ

s,a

minpL1ps, a, θq, L2ps, a, θqq

• update critic:
Loss1ps, ϕq :“

`

ypsq ´ V π
ϕ psq

˘2

Loss2ps, ϕq :“
´

ypsq ´ V old
psq ´ clippV π

ϕ psq ´ V old
psq, ϵ̂,´ϵ̂q

¯2

ϕ Ð ϕ ´ α∇ϕ
1
B

ÿ

s

maxpLoss1ps, ϕq, Loss2ps, ϕqq

24



Full Pipeline: pt.II

Proximal Policy Optimization (PPO) -- cont.

• go through dataset n_epochs times, sampling mini-batches of size B; for each mini-batch:
• normalize ΨGAE

ps, aq in the batch by subtracting mean and dividing by std
• compute importance sampling weights:

ρps, a, θq :“
πpa | s, θq

πoldpa | sq
, ρclip

ps, a, θq “ clippρps, a, θq, 1 ´ ϵ, 1 ` ϵq

• update actor:

L1ps, a, θq :“ ρps, a, θqΨGAE
ps, aq, L2ps, a, θq :“ ρclip

ps, a, θqΨGAE
ps, aq

θ Ð θ ` α∇θ
1
B

ÿ

s,a

minpL1ps, a, θq, L2ps, a, θqq

• update critic:
Loss1ps, ϕq :“

`

ypsq ´ V π
ϕ psq

˘2

Loss2ps, ϕq :“
´

ypsq ´ V old
psq ´ clippV π

ϕ psq ´ V old
psq, ϵ̂,´ϵ̂q

¯2

ϕ Ð ϕ ´ α∇ϕ
1
B

ÿ

s

maxpLoss1ps, ϕq, Loss2ps, ϕqq

24



Full Pipeline: pt.II

Proximal Policy Optimization (PPO) -- cont.

• go through dataset n_epochs times, sampling mini-batches of size B; for each mini-batch:
• normalize ΨGAE

ps, aq in the batch by subtracting mean and dividing by std
• compute importance sampling weights:

ρps, a, θq :“
πpa | s, θq

πoldpa | sq
, ρclip

ps, a, θq “ clippρps, a, θq, 1 ´ ϵ, 1 ` ϵq

• update actor:

L1ps, a, θq :“ ρps, a, θqΨGAE
ps, aq, L2ps, a, θq :“ ρclip

ps, a, θqΨGAE
ps, aq

θ Ð θ ` α∇θ
1
B

ÿ

s,a

minpL1ps, a, θq, L2ps, a, θqq

• update critic:
Loss1ps, ϕq :“

`

ypsq ´ V π
ϕ psq

˘2

Loss2ps, ϕq :“
´

ypsq ´ V old
psq ´ clippV π

ϕ psq ´ V old
psq, ϵ̂,´ϵ̂q

¯2

ϕ Ð ϕ ´ α∇ϕ
1
B

ÿ

s

maxpLoss1ps, ϕq, Loss2ps, ϕqq

24



Full Pipeline: pt.II

Proximal Policy Optimization (PPO) -- cont.

• go through dataset n_epochs times, sampling mini-batches of size B; for each mini-batch:
• normalize ΨGAE

ps, aq in the batch by subtracting mean and dividing by std
• compute importance sampling weights:

ρps, a, θq :“
πpa | s, θq

πoldpa | sq
, ρclip

ps, a, θq “ clippρps, a, θq, 1 ´ ϵ, 1 ` ϵq

• update actor:

L1ps, a, θq :“ ρps, a, θqΨGAE
ps, aq, L2ps, a, θq :“ ρclip

ps, a, θqΨGAE
ps, aq

θ Ð θ ` α∇θ
1
B

ÿ

s,a

minpL1ps, a, θq, L2ps, a, θqq

• update critic:
Loss1ps, ϕq :“

`

ypsq ´ V π
ϕ psq

˘2

Loss2ps, ϕq :“
´

ypsq ´ V old
psq ´ clippV π

ϕ psq ´ V old
psq, ϵ̂,´ϵ̂q

¯2

ϕ Ð ϕ ´ α∇ϕ
1
B

ÿ

s

maxpLoss1ps, ϕq, Loss2ps, ϕqq
24



Literature

• Proximal Policy Optimization Algorithms;

• Implementation Matters in Deep Policy Gradients: A Case Study on PPO and TRPO;

• High-Dimensional Continuous Control Using Generalized Advantage Estimation;

• Sutton, Barto — Reinforcement Learning, an Introduction, ch. 12;

25

https://arxiv.org/abs/1707.06347
https://arxiv.org/abs/2005.12729
https://arxiv.org/abs/1506.02438
https://drive.google.com/file/d/1Z4W_-0IaMNpZnhnMkqcDVM_EA79GFJo-/view


Appendix: Retrace



Reminder: Policy Gradient VS Value-based

Value-based (DQN+) Policy Gradient

off-policy;
(can use experience replay)

on-policy;
(all data is useless after each SGD step)

trains Q˚ps, aq;
(complicated intermediate stage)

trains policy directly;
(requires only V πpsq, which is much simpler)

exploration-exploitation issues;
(since Value Iteration works with deterministic

policies)

«natural» exploration;
(sampling from stochastic policy πpa | sq)

1-step targets;
(can we do anything about it?)

8-step targets;
(can use GAE for both critic and actor)
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Off-policy Credit Assignment

Given rollout s0, r0, s1, r1, s2, r2 . . . sM from policy µ and approximation of V πpsq

perform credit assignment for state-action pair s0, a0 in off-policy mode: µ ‰ π

Would be great to use GAE:
ÿ

tě0

pγλqtΨp1qpst , atq,

but Ψp1qpst , atq depends on random variables: a0, s0, a1, s2, . . . st`1.

Danger!

If πpa0|s0q “ 0 than we can’t do anything.
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Importance Sampling Correction

Use importance sampling correction!

Ψ “
ÿ

tě0

pγλqt

˜

t̂“t
ź

t̂“0

πpat̂ | st̂q

µpat̂ | st̂q

¸

Ψp1qpst , atq “

“
ÿ

tě0

pγλqt

˜

t̂“t
ź

t̂“0

πpat̂ | st̂q

µpat̂ | st̂q

¸

Ψp1qpst , atq

Impractical: extremely high variance!

• vanishing trace: µpa|sq " πpa|sq

• typical situation: µ making stupid random moves that π rarely does now. No cure.
• exploding trace: µpa|sq ! πpa|sq

• µ selected action with small µpa|sq, but probable for π. Is the reason of high variance.
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Credit Assignment: General Form

Let’s rewrite credit in the following way:

Ψ “
ÿ

tě0

γt

˜

i“t
ź

i“0

ci

¸

Ψp1qpst , atq,

where ci are coefficients of «trace annealing»:

Name Coefficients ci Issue

GAE λ on-policy only

One-step 0 high bias

Importance Sampling λπpai |si q
µpai |si q

easily explodes
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Retrace: Main Theorem

Ψ “
ÿ

tě0

γt

˜

i“t
ź

i“0

ci

¸

Ψp1qpst , atq,

Retrace Theorem

While in on-policy mode you could select any coefficient ci P r0, 1s, in off-policy mode you can
select any coefficient

ci P

„

0,
πpai | si q

µpai | si q

ȷ

• vanishing trace: can’t do anything;

• exploding trace: if importance sampling is more than 1, JUST CLIP IT!
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Retrace: final result

Ψ “
ÿ

tě0

γt

˜

i“t
ź

i“0

ci

¸

Ψp1qpst , atq,

where

ci :“ λmin

ˆ

1,
πpai | siq

µpai | siq

˙

Used in:

• off-policy RL algorithms for theoretically correct multi-step targets;
• (λ “ 1 because it vanishes fast)

• distributed on-policy RL systems where data about gradient from some servers can be
several updates late.
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