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Hierarchical Reinforcement Learning (HRL) is a promising approach to
solving long-horizon problems with sparse and delayed rewards

two major categories of HRL :

1. subgoal-based methods : the high-level policy specifies subgoals for low-level skills
to learn

2. selector methods : high-level policy to select pre-trained skills in downstream tasks,
and each selected skill is executed for a fixed number of steps
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Figure 1: A schematic illustration of HAAR carried out in one high-level step. Within high-level
step 0, a total of £ low-level steps are taken. Then the process continues to high-level step 1 and
everything in the dashed box is repeated.
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Algorithm 1 HAAR algorithm

1: Pre-train low-level skills ;.

2: Initialize high-level policy 7}, with a random policy.

3: Initialize the initial skill length &k, and the shortest skill length £,.

4: foric {1,.... N} do

5 Collect experiences following the scheme in Figure under 75, and 7; for T" low-level steps.
6:  Modify low-level experience with auxiliary reward r; defined in Equation .

7
8
9
0
|

Optimize 7r;, with the high-level experience of the ¢-th iteration.
Optimize m; with the modified low-level experience of the i-th iteration.
kiz1 = mazx(f(k;), k).

: end for

1
11: return 7y, 7.

improvement: In most previnys works of skill le:itrning and hi'erarchical le:fu*ning [13} 22, 8], the skill length k is
fixed. When £ 1s too small, the horizon for the high-level policy will be long and the agent explores
slowly. When k is too large, the high-level policy becomes inflexible, hence a non-optimal policy. To
balance exploration and optimality, we develop a skill length annealing method (Line 9). The skill
length k; 1s annealed with the iteration number ¢ as k; = kie~T*, where k; is the initial skill length
and 7 1s the annealing temperature. We define a shortest length &, such that when k; < kg, we set k;
to ks to prevent the skills from collapsing into a single action.
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high-level advantage : 4, (s".a") = E_. trn ey [re R Va(stop)|ar = a". st = "] = Vi (s")

Stk

To encourage the selected low-level skills to reach states with greater values, we set the estimated
high-level advantage function as our auxiliary rewards to the low-level skills.

h _h
where R)* " (s..s! .+ x—1) denotes the sum of k-step auxiliary rewards under the high-level state-

action pair (s]*, a!*). For simplicity, We do a one-step estimation of the advantage function in Equation
(T). As the low- level skill 1s task-agnostic and do not distinguish between high-level states, we split
the total auxiliary reward evenly among each low-level step, 1.e., we have

1
r; ZEAh(S?a ar) (D)
t<i<t+k

T+ ’)’th(St+k) Vi (st )
= 2 (2)
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§ Interpretation e

An intuitive interpretation of this auxiliary reward function is that, when the temporally-extended
execution of skills quickly backs up the sparse environment rewards to high-level states, we can
utilize the high-level value functions to guide the learning of low-level skills.
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' Proof: Monotonic Improvement of Joint Policy

We define the expected start state value as our objective function to maximize (for convenience, we
use 7 in place of 7jsint )

77(71-) — T](ﬂ-ha ﬂ-l) E(st ,ah)~(mh ) ! Z ’Yh/ Th (St y (g )] (3)
t=0.k,2k,...
assertion : the optimization of the high level policy 7;, with fixed low level policy 7; leads
to improvement in the joint policy.
Namely, when 7 is fixed, maximizing 7, (7 ) is equivalent to maximizing ().

Now we consider the update for the low-level policy. We can write the objective of the new joint
policy 7 in terms of its advantage over 7 as (proved in LemmaI]in the appendix)

ﬂ(ﬁ)—n(ﬂ)+Efsf.a;ﬂw[ ST oA, “)]- 4)

t=0.k,2k,..

Since 7(7) is independent of 7(7), we can express the Dptimizatinn of the joint policy as

max 7(7) = max E(sh ahyi [ Z !h Ah( h )] :

&=
t=0.k,2k,..

3)




' Proof: Monotonic Improvement of Joint Policy

Let m; denote a new low-level policy. In the episodic case, the optimization algorithm for 7; tries to
maximize

m(7) = Eg o pt Vi(50)] = Bt atymz0mm) [ > vinlst, ﬂi)]- 6)
t=0,1,2,...

Recall our definition of low-level reward in Equation (I} and substitute it into Equation (6), we have
(detailed derivation can be found in Lemma 2]in the appendix)

. 1—~f k
T}I(ﬂ-f) — Esg [TVI (Sil)] ~ 1 — f;j! E(sf’,a:"]w(ﬁl,ﬂh] [ Z f}hX A (gt ay )] (7)

t=0.k.2k....




' Proof: Monotonic Improvement of Joint Policy

Proof A.1 For an objective function defined as

n(m) =Eg [Va(so)]

P ©)
=]E‘sg ,a.g',...mﬂ [ Z f}f;/ Th(si )]

t=0.k.2k....

Changing 7 to 7, we have

t/k h _h
D A E, Vi An(si, ay )]

Sg 0
| t=0.k,2k,...
A k 1 1 [ 2
=Egpar ~n| D W Ern(slh) + v Va(stig) Vh(Si))] (10)

L t=0,k,2k,...

L - k L
=Eghal,.ni | — Vi(s5) + Z ”?'fi/ ra(s; )]

t=0,k.2k,...

— —n(m) + n(7)

Rearranging two sides of the equation, we obtain

n(ﬁ)=n(ﬂ)+1€(sgag)w[ > ':«*;”‘Ah(s?-a?)] (11)

t=0,k,2k,...
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Lemma 2 With the auxiliary reward of 1. = %Ah(s?, al), the low level policy 7;’s expected
t<i<t+k
start value can be written as

1—~F
IN] ~ l t/k h _h
By Vilso) T B | 2 W Anlsisa) (12)
! t=0.k 2k, ...
Where 1y, is the trajectory of high-level steps = 9{} ag’ 9’;;’ a’;’ . The approximation is correct under

the condition that the fixed high level policy my, the low level dzscounr Jactor v, as well as the high
level discount factor ~yy, are both close to 1, and the skill length k is not extremely large.

Now we can write our low level policy’s expected start value as

Proof A.2 We define T to be the trajectory sampled with (7, 7). E [Vi(s))] =1ET~(7}[.M)[ > inlstiap (13)
t=0,1,2,...
r k—1
_h R 1 1 h h l l =E_ iz E, (1(sn A AL (sP al 14
T = gn (I.U gl: {Il: waes S'Rk: ank: S'Rk-'—_]_: ﬂ'nk—l—l“' h~ (7L, m8) -t:ngk 1 ()~ (7, h)[%f\’l h( tr t)] ( )
The high-level traj vis d d =Eon(mm)| D ZW TAL(st (1s)
gh-1 | trajectory is defined as ()
Lt=0.k.2k,... 1=0
_ ) [ ,tl_'ﬁk ho R
Th = sf}’ af} sg a';; sﬁk ah’k BGED) t:ngk Ny, Ansad) (16)
hy - _! _”'lk]E 2 > A At al) (17)
The k-step low level trajectory within a single step of (s}, al') is defined as Ty rmm)) e et
oy (f) _ gI {II gI 1 (I-I 1 ";/theg ’;’1 and vy, are both close to 1 and k is not exceedingly large, we can approximate ~y; with 'yi/k
s -_— s L3 veen t+ —1: -t_'_ I like below
1—~F
1 — ,;1 ETnN(ﬁi-Wh) |: Z ﬁf{Ah(S?: a?):l
t=0,k.2k,... (18)

1—9f k
=~ — ,IE’M’“(’?—TLW&)|: Z t/ Ah( h):|

1
m =0,k 2k, ..




§ Experiments s

e Ant Maze: The ant is rewarded for reaching the specified position in a maze shown in Figure
Pla). We randomize the start position of the ant to acquire even sampling of states.

e Swimmer Maze: The swimmer is rewarded for reaching the goal position in a maze shown
in Figure P|b).

e Ant Gather: The ant is rewarded for collecting the food distributed in a finite area while
punished for touching the bombs, as shown in Figure [2fc).
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Figure 2: A collection of environments that we use. (a) Ant in maze (b) Swimmer in maze (c) Ant in
gathering task.




F Results and Comparisons Bl

—— HAAR w/ annealing —— HAAR w/o annealing —— SNN4HRL —— TRPO

1.0 1.0 5

3 0.8 0.8 E 0

© =
A 0.6 0.6 —

n U 4
3 oa 0.4 =

O C
2 ()
v 0.2 0.2 >

< -8

0.0 N s endesuarilirtoraBriaifeb s 0.0 _is

0 200 400 600 80? 1000 1200 1400 0 50 100 150 . 200 250 300 0 100 200 300 400 500
Iteration Iteration Iteration

(a) Ant Maze (b) S wimmer Maze (c) Ant Gather




+ Repetitions
B s«ilo
- Skill 1
- Skill 2
Skill 3
Skill 4
Skill 5
No Visitation

(@) (b)

Figure 4: (a) Visitation plot of initial low-level skills of the ant. (b) Low-level skills after training

with auxiliary rewards in Ant Maze. (c) Sample trajectories of the ant after training with HAAR in
Ant Maze.

In Figure@ (a) and (b) demonstrate a batch of experiences collected with low-level skills before and
after training, respectively. The ant is always initialized at the center and uses a single skill to walk
for an arbitrary length of time. Comparing (b) with (a), we note that the ant learns to turn right (Skill
1 in yellow) and go forward (Skill O in red) and well utilizes these two skills in the Maze task in (c),
where it tries to go to (G) from (S). We offer analysis for other experiments in Appendix
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Figure 5: (a) and (b) are tasks to test the transferability of learned policies. (c) and (d) are the
corresponding learning curves of transferring both high and low-level policies, transferring only
low-level policy, and not transferring (the raw form of HAAR).
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TQ:SXA%R

T:SxG— A

Qﬂ(shatﬁg) — E[RﬂStj f_’ltjg]
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l i | | i | 1 1. Collect experience s8¢, g, az, fi, ...
h h N 2. Train p'° with experience transitions
g, g, — es® —= Q.4 g. (8t.9¢,0e, ¢, 8441, Ge+1) using g as
_ additional state observation and reward given by
s v | L mﬂdﬂ“ﬂ"“ﬂi‘;: - goal-conditioned funcTiDn ry =
s rewands ris, g, 3, 5, (8t gt 0, 8001) = — |8t + g8 — se11]]2.
s, s, s, s, i
'\ﬂ, \', \':_, \': 3. Train ™' on temporally-extended experience
| l | | —  [Froesamese] | (st,§e, 3 Receqe—1, St4e), Where ge is re-
Environnsent .we re-labeling. labelled high-level action to maximize probability
of past low-level actions as.¢ 4. 1.
| l | |
Rﬂ Ri Rﬂ' Rr 4, RE:IJEEI-

the goal transition model £ is defined as

h(st, G¢, St+1) = St + Gt — St+1.




J Off-Policy Corrections for Higher-Level Training Sissceall

the changing behavior of the lower-level policy creates a non-stationary problem for the higher-level
policy, and old off-policy experience may exhibit different transitions conditioned on the same goals.

method : replace g; in state-action-reward transitions (s;, g:, > Rit1c 15 St1c)

high-level action g; chosen to maximize the probability 11’ (as.s4c—1|St:t4c—15 Gtrtre1).

Most RL algorithms will use random action-space exploration to select actions, which means that
the behavior policy (even for deterministic algorithms such as DDPG [27]) is stochastic and the log
probability log pt*°(as.¢+c—1|St:t+e—1, Gt:t+c—1) may be computed as

t+ec—1
Z l|a@; — p*°(s3,3;)||> + const. (5)

1=t

1

1 i ~
log e D(ﬂt:t+c—1|=‘-t:t+c—1a.G't:t+c—1) X —§
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Figure 2: An example episode trajectory for a simple toy example. The tic marks along the trajectory show
the next states for the robot after each primitive action is executed. The pink circles show the original subgoal

actions. The gray circles show the subgoal states reached in hindsight after at most H actions by the low-level
policy.

There are two causes of non-stationary transition functions in our framework that will need to be
overcome in order to learn multiple policies in parallel. One cause of non-stationary transition
functions is updates to lower level policies. That is, whenever m; changes, the transition function
at levels above ¢, T, _,,j > 1, can change. The second cause is exploring lower level policies.
Because all levels have a deterministic policy in our algorithm, all levels will need to explore with

some behavior policy m;, that is different than the policy it is learning ;.
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Hindsight action transitions have two key components

The first is that the subgoal state achieved in hindsight is used as the action
component in the transition, not the originally proposed subgoal state

The second key component of the hindsight action transition is the reward
function used at all subgoal levels. requements :
1 . incentivize short paths to the goal

2 . independent of the path taken at lower levels

[initial state=s0,action=s1,reward=-1,next state=s1,goal=yellow flag,discount rate=gamma]

[initial state=s1,action=s2,reward=-1,next state=s2,goal=yellow flag,discount rate=gammalj




§ Hindsight goal transitions Bis il

Enable each level to learn more effectively in sparse reward tasks by extending the idea
of Hindsight Experience Replay.

1. high level set goal

2. low level execut H steps, get H transitions

3. choose hindsight goal’ from H transitions

4. reset the goal of H transitions to goal’ and modify their reward at the

same time
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enable a level to understand whether a subgoal state can be achieved by the
current set of lower level policies.

if subgoal a; is not achieved in at most H actions by level i - 1, level i will be
penalized with a low reward, penalty.

[initial state = s2, action = g2, reward = -5, next state = s3, goal = Yellow Flag,
discount rate = 0]
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Figure 3: Episode sequences from the four rooms (top) and inverted pendulum tasks (bottom). In the four
rooms task, the k=2 level agent is the blue square; the goal is the yellow square; the learned subgoal is the
purple square. In the inverted pendulum task, the goal is the yellow sphere and the subgoal is the purple sphere.
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Figure 4: Average success rates for 3-level (red), 2-level agent (blue), and flat (green) agents in each
task. The error bars show 1 standard deviation.




