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I Motivation

4 "« value
-
e / a7
““H-a\ initial /
\ state ~
~——T X yan
."'Ill \\ -
—F T N
\_,x \

In many environments only a tiny subset of all states yield high reward.
We may want to preferentially train on those high-reward states and the
probable trajectories leading to them.
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I Producing Intended High Value States

O Method 1
Rely on picking the most valuable states stored in the replay buffer 5 .

N

(TR D reward
O Method 2 |(off-policy method), (on-policy method)

Goal GANI!L: goal states g are produced via a Generative Adversarial
Network.

Algorithm 2 Produce High Value States

Require: Critic V (s)

Require: D; transformation "decoder’ from g to s

Require: Experience buffer B with tuples (s;,a¢, 74, S141)

Require: gen state; boolean whether to generate states

Require: GAN, some generative model trained to model high-value goal states
1: if gen_state then

2: g~ GAN
3: D:g—s
4:  Return s
5: else
6: Return argmax(V(s)) Vs € B
7: end if
[1] Florensa C, Held D, Geng X, et al. Automatic goal generation for reinforcement learning agents[C]//International 3/17

conference on machine learning. PMLR, 2018: 1515-1528.



I Generating Recall Traces

O Backtracking Model (st ailsii1)

Predict the preceding states that terminate at a given high-reward
state.

Start from a high value state|(or one that is estimated to have high
value), predict and sample which (state,action)-tuples may have led to
that high value state.

Recall Traces
use these traces to improve a policy.
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I Generating Recall Traces

. (backward policy

O Backtracking Model U m=aadsi) |

————— — — — — — —

By = q4(st, at|st41)

| for training stability state generator
As; = sy — 5,41 | with continuous-valued q(Asi|a, Sev1)
| | states

q¢ (Asta Qy \Stﬂ) — Q(Ast \an St—l.)t}’(ﬂt \Stﬂ)
O Generating Recall Traces

ag ~ Q(at\stﬂ) o As; + s
t — t t+1

Asy ~ q(Asi|ar, st+1)
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I Improving The Policy From The Recall Traces

Algorithm 1 Improve Policy via Recall Traces and Backtracking Model

Require: RL algorithm with parameterized policy (i.e. TRPO, Actor-Critic)

Require: Agent policy my(als)

Require: Backtracking model By, = q4(Ass, at|S¢4+1)

Require: Critic V (s)

Require: % quantile of best state values used to train backtracking model, k;,.,; number of trajecto-

ries filtered by returns.

Require: N; number of backward trajectories per target state
Require: «, ; forward, backward learning rates

1: Randomly initialize agent policy parameters 6

2: Randomly initialize backtracking model parameters ¢

3: fort =1to K do

4:  Execute policy to produce trajectory 7

5:  Addtrajectory 7 = (s1,a1,71,- - , ST, ar,rr)in B

6:  Estimate Vg R(mg) from RL algorithm

70 8+ 0+ aVyR(mp)

8:  Compute L3 via Equation@ using top k% valuable states from top k.. trajectories in B
9: O — ¢+ BV¢£B
10:  Obtain target high value state s (see Algorithm [J]for details)
11:  Generate N recall traces 7 for s using B(s)
12:  Compute imitation loss £z via Equation 3]
13: 0«0+ aVels
14: end for
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I Improving The Policy From The Recall Traces

Algorithm 1 Improve Policy via Recall Traces and Backtracking Model

Require: RL algorithm with parameterized policy (i.e. TRPO, Actor-Critic)

Require: Agent policy my(als) T
Reqllil‘e: Bacl(tracking model B(p = qqg(ASt, ay ‘St+1) £5 = ]quo( T) — log H (J(AS! , (i ‘5!, —I—l)
Require: Critic V() 10
Require: % quantile of best state values used to train backtracking model, k,.,; number of trajecto- T
ries filtered by returns. = Z logq(as|si41) + logg(Asglas, si41),  (2)

Require: N; number of backward trajectories per target state
Require: «, 3; forward, backward learning rates
1: Randomly initialize agent policy parameters ¢ r T T T
2: Randomly initialize backtracking model parameters ¢ RL Tr'cunlng |
fort—1twKdo \ >
(Execute policy to produce trajectory 7 \ / BQC k‘rrqcking Model Tr‘aining
| Add trajectory 7 = (s1,a1,71,- - ,ST,ap,rr)in B |
| Estimate Vy R(my) from RL algorithm |
\0 O0+aVel(mg) ___
Compute L via Equationgusing top k% valuable states from top k;,; trajectories in B
9: g+ o+ BVyLln
10:  (Obtain target high value state s (see Algorithm [2|for details)
11: | Generate NV recall traces 7 for s using B, (s)

t=0

XRADINSEW

Generating Recall Traces

12: (Compute imitation loss £ via Equation ———— =T ====
3. 160+ aVols s El] - [Iml’ra’rlon Learnmg}
4 endfor— ~— ~—~~~~~—~—~—~~—~"~—~—> T/ T T

T T
L1 = Z log plas|s;) = Z log mg(as|s¢), (3)

t=0 t=0 7/17



I Variational Interpretation

O Variational Inference (RL Model: ¢ , Backtracking Model: ¢ )

p(R > L, |0)
R> L|9) =
P 9) p(7|R > L, 6)
R>L, 7|0 R>1L.0
logp(R > L|#) = log P 16) 1 p(7] )

an T )
aa—/@@ﬂmm3>zwﬁh—kng>Lm)

[ PRELT) o p(riR> L)
Eﬁfﬂ/d)lg q(T) : ./M)lg q(T) ¢

= ELBO + KL(q(7)||p(7|R > L, 0))

. logp(R > L|#) =ELBO + KL(q(7)||p(7|R > L,0))
>ELBO
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I Variational Interpretation

O EM Algorithm (RL Model: 6, Backtracking Model: ¢ )
(1) E-step: EIES, ite, BEEH/IMUKLEREAMELBO
¢ =arg'$1in KL(gy(7)[|p(T|R > L, 0))

—argminKL(p(7|R > L,)]qs(7))
¢

SKLp(rIR > L,0)as(1) = [ pr|R > L,0)1og 220 o
q5(7)

—/p('r RW 6)dr — /P(T|R > L,0)logqy(7)dr

. ¢ =argmax /p(TR > L,0)logqy(7)dr
¢

:argzwm B p(r|R>L0) log g4 ()]
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I Variational Interpretation

O EM Algorithm (RL Model: 6, Backtracking Model: ¢ )

(2) M-step: ExEP, 40, =AILELBO

R>L,T|6
ELBO_/qu(T) log p(R > L,7lf) dr
45(7)

- [awryomp(r > L0 ar — [ Trmsastzlar

.0 = argmaz ELBO = argmax /qcﬁ (1) logp(R > L, 7|0)dr
o o

qrﬁ(T) :p(’TlR > La Qt)

.0 =argmaz B,y logp(R > L, 7/0)
)

—argmaz B, r)log p(r]f)
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I Experimen’rs . Access To True Backtracking Model

Four Room Experiment (Size 15) Four Room Experiment (Size 19)
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Figure 2: Training curves from the Four Room Environment for the Actor-Critic baseline (blue) and
the backtracking model augmented Actor-Critic (orange). For the size-19 environment, several of
the Actor-Critic baselines failed to converge, whereas the augmented recall trace model always suc-
ceeded in the number of training steps considered. For additional results see FigureElin Appendix.
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I Experimen’rs . Comparison With Prioritized Experience Replay (PER)
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Figure 3: Visitation count visualization of trained policies for PER (left) and Recall Traces (right)
for two 4-room grid sizes.
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Figure 4: Plots for reward vs. time steps, comparing the performance of recall traces (labeled Back-

trackingModel), PER and baseline Actor Critic (AC).
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I Experimen’rs . Learning Backtracking Model
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Figure 6: Our model as compared to TRPO. For TRPO baselines, except walker, we ran with 5
different random seeds. For our model, we ran with 5 different random seeds.
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Figure 7: Our model as compared to SAC. We ran SAC baselines with 2 different random seeds.

For our model, we ran with 5 different random seeds. 13/17



o= {a}ahdly. .}, where aj=ap +v o Lu=—Ery log Dy(s )] ~Exyflog(l = Du(s,0)], (1
and 75 = (551, 05.), (582, 0B ), - - Ly =Er, llog(1 = Dyu(s,a)] + Ala—d'[[. (5

Discussion

O Corrected Augmentation for Trajectories (CAT)!!

Noisa Algorithm 1: Corrected Augmentation for Trajecto-
TE = {(SEN aEl)u (SE27 aEz): s } ries Algonthm

l.l Input: Set of expert trajectories Tg, regularisation A
- - noise o, initial policy ¢g and discriminator

ug, N number of perturbed action sequences.
Expert dataset // produce randomly perturbed augmented
action sequences Q
1 Q=)
2 for each 7 in 7T do
. 3 Generate N perturbed action sequences
Corrected actions Y Q' ={q1,...,qn} from 75 according to II
Expert 4 Q9=99"
Discriminator s end
reward D // correct augmented trajectories so they are
J = successful
T Correction ﬁ¢(a\s, a’) I 6 for i =0, 1,2,.... do .
" Network =, 7 Sample trajectory 7; ~ 7y, (q;), with ¢; sampled

uniformly from Q.
Uip1 < Ui — VoL, using GAIL's .
Piv1 — @i — VyLy, using _

L =R ]

Fig. 3. Detailed overview of stage 1, which performs Corrected Augmenta-
tion For Trajectories. The architecture is semi-supervised since it is guided 10 end
by unlabelled distorted actions.

[2] Antotsiou D, Ciliberto C, Kim T K. Adversarial Imitation Learning with Trajectorial Augmentation and Correction[J]. 14/17
arXiv preprint arXiv:2103.13887, 2021.



Discussion Ly = = Ery|logDu(s,a)] — Er, [log(1 = Du(s, a))

Ly = By, [log(1 — Dy(s,a))]

O Noise Network

TE — {(SElﬂa’El)ﬂ (SEza G’Ez)a cee }

— HalfCheetah-v2
Expert dataset

v (s’,af) l

Noise Network ) ” Discriminator

. reward
74 (noise|sg,ag) D,

a =Xxap + (1 — ) *noise

. YA itk - BCiJlI&2&E{ER BC3)ll8x[S381E 100555
hi& 18I avgret - .
g5 ERMIT ilERJavgret
expert 0 2439.8168651239403 2 991.2917141601323
cat 497 2221.0755368804244 i 2906.3392535252096

noise network(

497 1172.8915687165966
A =10.9)

iy

1341.52380444484
A ~ Beta(a, a); N = maz(A\, 1 — A) .
d = Nap + (1 - N)ag; » mixup(c = 0.1) 42 1124.827231400378

iy

1240.4956561966935
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I Discussion

O Backward Dynamic Model (BDM)

7y (Asy, aj|si1)

[ !
s, = 8441 + As|

terminal state

head
expert trajectory

initial state

=

DT..'.

v
- TE:{(SElaaEl)a('SEzaa‘Ez)a"'}

BC3I|ZREIIE 100575,
iFfYavgret

991.2917141601323

2906.3392535252096
1341.52380444484

1240.4956561966935

319.0855923529666

L, = —E;;|logD,(s,a)|] — E;, [log(1 — D,(s,a))]
‘L¢ ::}Emﬁuog(l _'l)u(saa)”
-
Expert dataset
v l
(s}, a})
BDM Discriminator
<
reward
: i ) BG5S
ams 2 r-avgret SR
expert 0 2439.8168651239403 =2
cat 497 2221.0755368804244 &
noise network(
497 1172.8915687165966 a5
A=0.9)
mixup(a = 0.1) 472 1124.827231400378 5
BDM 497 _ a5
BDM_CL 497 —_ =+

1095.62363152283 16/17



Thanks




