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1. Introduction

* In RL, agents learn behaviors supervised by only a reward function.
* Goal-conditioned RL (GCRL) aims to learn general policies that can reach arbitrary target

states or goals within an environment requiring no extensive retraining. But its

disadvantage is sparse rewards.
* Thus combining GCRL and offline RL is good for generalization and data efficiency.

Challenges:
* However, in offline RL many methods rely on value function, which estimates the

expected discounted return associated with a given state-action pair. During training,
policies generate actions not in the offline dataset (for without interaction), leading
to inaccuracies and even diverging policies.

* To solve the problem of limited state-goal pairs, hindsight relabeling is employed. But
it only generate state-goal pairs within the same trajectory, resulting in over-fitting.
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1. Introduction

To solve the problems mentioned, the paper draws * o —

inspiration from diffusion models. \ /6/' """""""" - S

They construct trajectories that move away (noise) @ iy :\

from desired goals during the learning process. Then a .

policy is trained to reverse (denoise) the trajectories. H  Goa 5| x

Thus the policy learns to reach any predefined goal o s B *\

state to from arbitrary initial states. %
| Initial state i

--------- » Forward diffusion (noise)

—— Reverse diffusion (policy)

UNIVERSIDADE DE MACAU
UNIVERSITY OF MACAU




2. Preliminaries

I. Diffusion probabilistic models
* The forward diffusion process is to add Gaussian noise to the real image X, at each
timestep, leading to the final noised image Xr. At timestep t, a constant f3; is given,
we have:

q(XelXe—1) = N(Xt;\/ 1= BeXi—1,Bel),
q(X1.71Xo) = [Ti=1 q(Xe|Xe—1)-
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2. Preliminaries

I. Diffusion probabilistic models
* Then a denoising function is learned to reverse the forward diffusion process.
Po(Xe—11Xt) = N(Xi—1; Ho(Xp, 1), Xg(Xy, 1)),

po (Xo.r1Xo) = p(X7) [Ti=1 Po (Xe-11X0),
where g and 2y can be neural networks.
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2. Preliminaries

Il. Goal-conditioned RL
 The RL problem can be described using a Markov Decision Process (MDP), denoted
by (5,4, P,7,u,y), where u(s) is the initial state distribution.
* While Goal-conditioned RL additionally considers a goal space G = {¢(s)|s € S}
where ¢: S — G is a known state-to-goal mapping. Now reward function depends on

the goal and can be sparse and binary defined as r(s,a, g) = ]1[|Igb(s) — gl|§ <],

where 6 is some threshold distance.
* A goal-conditioned policy is denoted by m: S X G — A, and given a distribution over
desired goals p(g), an optimal policy m* aims to maximize the expected return:

J() = Egp(g),so~pts)ac~n(|s, @)seri~PClspan [ Li=o ¥ T (50 ar, 9]
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3. Reaching Goals via Diffusion

Consider a goal-augmented MDP (S, A, G, P,r, u,y) with goals g € G sampled from
unknown goal distribution g~p(g). Goal-conditioned RL aims to learn a policy that can
learn an optimal path from any state s € S to the desired goal g.
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Figure 2: (a) Visualization of trajectories starting from the goal X generated during the forward process, (b)
Predicted actions from policy trained via diffusion, (¢) Predicted actions from policy trained using GCSL.
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3. Reaching Goals via Diffusion

During training, the time horizon indicates the time difference between the current and
desired goal states.
For h =1, the policy always takes the most direct path to the goal regardless of the input

state. For larger values of the time horizon, the policy has a high variance close to the goal
and a low variance for the optimal action further away.
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4. Goal-conditioned Diffusion Policy

Nearest-neighbor trajectory stitching

The forward diffusion constructs trajectories walking
away from the goal to provide training data for the
policy. In order for this strategy to be effective, we
want to generate as many state-goal pairs as possible
to help the policy generalize well. Hindsight
relabeling can generate positive goal-conditioned
observations by replacing the desired goals with
achieved goals (e.g. A robot is supposed to move a
ball from A to B, but it moved it to C. Then we can
assume the task is from A to C, leading to a
successful task).
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Algorithm 1 Nearest-neighbor Trajectory Stitching

Input: Dataset D, distance threshold 4, number of new tra- ST{?

jectories to collect M - ¢

Output: Augmented dataset Dy, A \.‘ /“k
1 ®

Dpew < D 0

Construct ball tree 7" for all states
form<+1,...,Mdo
Sample random final state st from D
Toew < 157}
Scurrent € ST
fort < 71....,1do l
Sneighbors d T-qUEIY(*gcurrtnla k= ]-)

if d < § then :,/

Add preceding (Sprev; @prev) fTOM Spcighbor 10 Thew

else ././"
. B SB
Add preceding (Sprey; Qprev) from Seyprent 10 Theyw 5.1/ k-1

end if

Scurrent < Sprev
end for Fi S: Trai chi

1gure J: lrajectory stitching.
Dnew <_ Dnew U Tnew g J y g
end for

Return: D,




5. Experiments

Table 1: Discounted returns, averaged over 10 seeds.

Task Name Ours Offline GCRL Diffusion-based
Merlin  Merlin-P  Merlin-NP GoFAR  WGCSL GCSL AM DD g-DQL

PointReach 2926004 29.17+0.15 29.30+005 | 27.18+065 25.91+087 22.85+126 26.14+1.11 | 10.03+088 28.65+044
PointRooms 25.38+037 25.25+007 25.42+032 | 20404100 19.90+099 18.28+220 23.24+158 5.84+267 27.53+057
Reacher 22.75x059  23.25+017 24971054 | 22.514+082 23.351064 20.05+137 22364103 4391108 22541142
SawyerReach | 26.89+007 25.05+060  27.35+006 | 22.82+115  22.07+146  19.20£179  23.56+033 | 3.39+075 24.17+001

% | SawyerDoor | 26.18+219 25751097  26.152208 | 23.62+035 23.92+110 20.12+133 2639042 | 7.85+077 24.81+038
& | FetchReach 30.29+003 30.2620m 3042004 | 29214026 28.174038 23.68+107 29.08+0.12 1.554068 28.71+015
- FetchPush 1991+120 2.23+220  21.58+163 | 22414160 22.22+151  17.58+147 19.86+3.16 | 549+285 17.82+055
FetchPick 19.66+0.78 1.43+1m 2041092 | 19.79+4112 18324156 12954190 17.04+381 2.76+064 14.45L061
FetchSlide 4.19+1.89  0.00+0.00 4.95:20: 3.34+1m 5174317 1.67+1.41 3314146 1.21+059  0.98+059
HandReach 22.11+055 0.00+0.00 2493 c049 | 15.394637  18.0545.12 0.15+0.11 0.00+0.00 0.00+0.00 0.00+0.00
Average Rank 2.7 53 1.6 4.5 4.6 7.3 5.0 8.3 5.1

PointReach 29.26+004 29.21+0.08 29.31+004 | 23.96+093 25.764096 17.74+184 25554057 | 10.12+072 22.65+157
PointRooms 2480036 24.07+0.9 2516059 | 18.09+413 1941+100 14.69+251 19.10+1.39 5764299  20.88+096
Reacher 21.09+065 16.65+04s8 22.24+054 | 25.10+068 22.98+091 10.62+230 23.70+0.62 4.74+036 6.06+0.84

g | SawyerReach | 26.70:014 25461012  26.86:007 | 19.48+139 21324140  8.78+259 25291035 | 3461086  2.84:+005
< | SawyerDoor 19.05+066 18.26+1.18  21.69+236 | 20.69+214 19.58+355 12.47+308 10.82+167 | 7.92+086 14.77+051
= FetchReach 30.42+004 30.38=0.02 30.42+004 | 28.34+098 27.94+030 18.96+177 27.11+022 1.71+077 1.21+046
= FetchPush 5.21+043 5.08+0.32 7.22+035 6.99+1.27 5.35+3.36 4224219  4.53+104 | 4.49+134 5.35+0.23
FetchPick 3.75+0.18 3.02+0.16 4.36+0.19 | 3.81+371 1.87+159  0.81+082 3.08+135 2.16+0.75 2.17+0.18
FetchSlide 2.67+035 0.00+0.00 3.15+0.14 1.3241.22 1.04+009s 0.24+027 1.12+039 1.31+052 0.00+0.00
HandReach 14.89+254  0.00+0.00 17.61+306 | 0.08+0.07 2.54+1.42 1.41+051 0.00+000 | 0.00+000  0.00+0.00
Average Rank 28 48 1.3 3.8 4.5 7.3 53 7.7 6.7

Maximum trajectory length=50, reward=1 if goal is reached (else 0).
Merlin-P uses a proposed learned parametric reverse dynamics model and reverse policy, to generate
additional diffusion trajectories. Merlin-NP uses the trajectory stitching method.
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Figure 6: Discounted returns for each dataset with different values of (a) hindsight ratio and (b) time horizon
during evaluation. Values are normalized with respect to the maximum value in each row.
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Thank you.
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