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Troubles in unsupervised skill discovery:

1. Unsupervised Skill discovery is time-consuming and low-qualitified.
2. Hard to achieve the coverage of the state space.

3. Data-Driven semi-supervised Skill Discovery is growing up.
Troubles in previous Skill-based RL.:

1. Spirl explores the whole skill space to find suitable skill, which is time-consuming.

The reason for introducing the R-NVP model.

2. The skill space extracted from the dataset is not capable to finish different downstream tasks.

The reason for introducing the residual-policy module.



I Framework ParN [ ==nmsms s

%
Policy —_—
muL(gls)
A
1Hz
Residual
5 Policy
. 71'5(60’3,2, a‘l)

Details:

1. How to encode trajectories into a skill z and decode a skill z and current state to the action?
2. How to fix the skill exploration space of current state s?

3. How to make skills adaptive to different downstream tasks?
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1. How to encode trajectories into a skill z and decode a skill z and current state to the action?

H—-1

t=0

f forward(self, »x

self.reparameterize(q.mu, q.log var)

z tiled = z.repeat(1,self.seq len

decode

reconstruction = sel

_inputs orch.cat((states,

f.run decode

£(3mbr:d — IEqu.,(_.:]s.a} [Z IOSPG (”‘t | Z, St

).view(actions.s

)] — BDk1r(qs (2 | 5,a) || p(2)),

hape| 0], si

iled), 2)
batch(decode

inputs,

t(reconstruction=reconstruction, q=q,

vae loss(self, inputs, output, beta=0.060000001):
bc loss = self.bc_criterion(output.reconktruction, inputs[™actions
kld loss = (-8.5
return bc loss,

kld loss

"1

* torch.sum{(1 + output.q.log var - output.q.mu.pow(2

- output.q.log var.exp())) * b
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2. How to fix the skill exploration space of current state s?
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forward(self, x):
log_jacobs = []

for bijector, f in zip(self.bijectors, self.flips):
X, log pz, 1j = bijector(x, flip=f)

8) =p; (f(;l(a; s)) ldet (8f£1(a¥8)/aa.)| log_jacobs.append(1J)

Pprior (Cl.

return x, log pz, sum(log jacobs)

inverse(self, z):
for bijector, f in zip(rev (self.bijectors), reversed(self.flips)):
Skill Space Z = bijector.inverse(z, flip=f)

2 ‘
‘?;’»‘ : Embedded Skills return z
- ~ JA. Sampled Skills using R-NVP
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' - 4 -:v(’g' ':’J " .-:'-W : ss = (-log pz - log jacob).mean()
ey P’ ot backward
] *....m‘ ‘.1“ .&’_,-Q‘ : ss.backward()
L e s ‘%’; self.sp _optimizer.step()
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3. How to make skills adaptive to different downstream tasks?

residual_agent = PPO(ac_kwargs=dict(hidden_sizes=[args.residual_hid]|*args.residual_l),
gamma=args.residual_gamma,

4 g seed=args. seed,
- steps per epoch=(args.skill steps per epoch*seq len),
epochs=args.epochs,
/ = e {_:!_lp_r‘at-l(? args. r‘esad|_.|a1_c11p_|‘at1c:_.
' ticodor \ B Policy pi_lr=args.residual pi_1r,

il )
ms(dals, 2, a) vt _lr=args.residual vf 1r,
train_pi iters=args.residual train pi iters,

tr‘ain_v_i-telﬂﬁza'-'"'_ maradieal Feaae e adame
lam=args.residu (function) residual target kl: Any

pla'lz,8) \

target kl=args.residual target kl,

obs_dim=n_obs + n_features + env.action_space.shape[@],
act dim=env.action_space.shape[®9],

act limit=e.5)
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Figure 5: Training Performance. Average training performance across 5 random seeds for the

different tasks. ReSkill outperforms all the baselines in both sample efficiency and convergence to
the highest-performing final policy.
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Figure 6: Ablation Study. Analysing the impact of the residual and skill prior on the average
training performance across the 4 tasks. The skill prior plays an important role in accelerating
learning with the more difficult tasks, while the residual is important for attaining higher rewards by

adapting the skills to the variations in the training environment.



I Experiment

PHI'N [0 rsuinmistass: s
E PErtem Recoonition and NEural Computing

=== ReSkill === ReSKkill (No Residual) === SPiRL

Training Data Target Task

Franka Kitchen

Subtasks Completed
- N

0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4
Steps 1e6

Figure 8: Evaluation on Franka Kitchen Environment. (Left) Franka Kitchen environment pro-
posed by Gupta et al. [36] which requires the agent to manipulate a kitchen setup to reach a target
configuration. (Right) Note how ReSkill exhibits faster convergence to a higher reward than SPiRL.



I Some ideas PﬂFNE[: HSURRIS 55 MG

Skill ZZRYEYF 7 Al LAES HiEI decoderfiidiRsHlskill zgeiES E B HEfARIRN Fa
UL

HEPRSSAFE—Pskill zEEERRHRERRRIZNFar] LUHEH SRl H iR B R e F Jid.

FREARTLATELbERE EMAE=NZFEILARDFIE.



| some ideas ParNg[ =imeemmens

mazeZd-umaze mazeZd-medium-25 mazeZd-medium-24 maze2d-medium-23 maze2d-medium-22 mazeZd-medium-21
Uncertainty | 738(729-750) 618.6(604-663) 619.8(611-637) 671.4(657-703) 653(628-663) 630.6(600-661) ae-gKE
0 Method Random T32.4(727-750) 49.4(42-73) 587.8(559-672) 646(594-709) 660.8(619-693) 654(603-708) Ee-Tsk
Total 723(708-750) 638(613-667) 221.8(203-244) 606.8(576-642) 609.4(580-648) 635.4(600-688) FEe-HEEK
Uncertainty 639(600-683) 692.8(660-727) 544.2(486-679) 674.2(652-708) 565.8(555-600)
1 Method Random 633.2(611-676) 567(420-687) 338.6(300-488) 612.4(591-646) 577.2(552-599)
Total 255.2(247-277) 113.8(96-151) 599(5684-613) 650.8(609-722) 614.6(600-630)
mazeZd-large-21 mazeZd-large-22 mazeZd-large-23 mazeZd-large-24 mazeZd-large-25
Uncertainty | 402.4(362-470) 117(85-156) 314.8(258-492) 473.2(421-555) 264(208-300)
0 Method Random 209.6(160-309) 417.8(373-550) 219.8(207-244) 41.2(39-44) 268.4(170-447)
Total 59.4(52-74) 27.8(21-36) 230(184-293) 150.6(71-223) 247.2(215-300)
Uncertainty
1 Method Random
Total
hopper-random-21 hopper-expert-medium-2. halfcheetah-random-21 walker2d-expert-medium-21  walker2d-random-21 halfcheetah-medium-expert-21
Uncertainty  1552(1522-1607) 2644(2632-2683) 226(225-228) 2795(2764-2834) 1619.6(1604-1651) 3,263.4(3175-3458)
0 Method Random 1376(1360-1394) 2485(2407-2664) 114.4(109-127) 2428.8(2362-2499) 1360.8(1346-1378) 3501(3461-3579)
Total 1543(1523-1530) 2657(2644-2671) 303(301-309) 2600(2536-2702) 1394.4(1382-1438) 3457(3345-3613)
Uncertainty
1 Method Random
Total
kitchen-partial-21 kitchen-mixed-21 kitchen-complete-21
Uncertainty 5(5-5) 5(5-5) |2.4(2—3)
0 Method Random 4.2(4-5) 4.6(4-5) 6(6-6)
Total 6(6-6) 34(3-4) 4.6(4-5)
Uncertainty
1 Method Random
Total
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skill, —skill ZIZSIJRYREVER T skill 228 %, BPANIZESBUREIEIZPsKIll Z 1 RIFRIHRES,
T N ESARIERE, BIAHEREXMHERASIEERF T ERN—MRER (R E)RE

(MEXPskillFIRFANI RS EZ HI 7 RE— P skilfRaYER)
FTLUEEMERAR MR ESIXMIRE T, HIEREIRIASsKll zZSERERFHERE AR, A
BENTAERTFES. BREZEFENN L TSRERNDERE Ereweight,

Skill Expand: AdaptDiffuserit 7 B ARRIIMEIK RGN SR ERIEERTIE, EBEREE
FfEskill expansion L, BIREIEEFRIRIskiIZIAZR A BEEIELE T ESHY, BARERIABETE
WERYTARLY BURRIAE R —LEFRRYsKill, AARIMAZIBRIRIskillZEH.

RrEskillfiz i ThTES: 1IXMEgoal-conditioned P EEIRE L RIF R T, (B2ESKilEEoE S Lt
gf;‘iﬁiﬁ@;‘zﬂﬂb, (VMP) 183 T EBEMITZEERRNE, Bt BEGREE NERNEIEK
ZEESKill,
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