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Abstract

We present an end-to-end algorithm for discov-
ering parameterized skills from demonstration
data. Our method jointly learns parameterized
skill policies and a meta-policy that selects the
appropriate skill and parameters at each timestep.
Using a combination of temporal variational in-
ference and information-theoretic regularization
methods, we address the challenge of degeneracy
common in latent variable models, ensuring that
the learned skills are temporally extended, seman-
tically meaningful, and adaptable. We evaluate
our approach on LIBERO, a challenging multi-
task benchmark for robot manipulation with multi-
modal inputs. Quantitatively, our method achieves
higher success rates and significantly greater con-
sistency (i.e. lower coefficient of variance) across
unseen tasks and random seeds. Qualitatively,
we demonstrate the emergence of interpretable
parameterized skills, such as grasp object skill
whose continuous arguments define the grasp lo-
cation.

1. Introduction

Applying Reinforcement Learning (Sutton & Barto, 2018)
to long-horizon sequential decision making problems can
be very sample inefficient. For example, training a single
task-specific policy to play an Atari game can require over
10 million samples (Mnih et al., 2015; Hessel et al., 2018),
while humans can learn to play effectively after only 20
episodes. This gap is largely due to humans’ ability to learn
and reuse strong priors from past experience, an ability
that remains difficult to replicate in RL agents. Zhang et
at. (2024) show that basic supervised pretraining of policies
can perform worse on unseen tasks than a policy trained
from scratch, highlighting the need for better methods to
learn generalizable priors.

A promising direction to acquire such priors is to learn
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hierarchically structured policies, often formalized using
the options framework (Sutton et al., 1999). The motivating
assumption for this approach is that real-world tasks can
be decomposed into sequences of recurring subproblems.
Hence, learning modular and temporally extended skills
or options can reduce the effective planning horizon and
improve generalization to new tasks.

Our goal is to discover reusable skills from a dataset of
expert demonstrations (i.e. trajectories) of an agent perform-
ing various tasks, and use these skills to solve new tasks
efficiently. Previous work towards this objective includes
work by Fox et al. (2017), Krishnan et al. (2017), Kipf et
al. (2019), Sharma et al. (2019), Shankar and Gupta (2020),
and Zheng et al. (2024). However, these works focus on
learning purely discrete or continuous skills. We posit that
learning parameterized skills, i.e. skills that are discrete
in nature but can be modulated by continuous arguments,
will lead to better representations and adaptation to new
tasks. Discrete skills alone lack the flexibility needed for
real-world variation, while continuous skills can be less
structured and harder to interpret.

For example, one may learn a discrete skill to slice fruit
with a knife. However, in practice, no two fruits are identi-
cal, and one may need to apply this skill in various kitchen
environments using different knives/equipment. Learning a
different discrete skill for every possible instantiation is evi-
dently intractable. On the other hand, learning a parameter-
ized skill slice_fruit (x,vy, z), where the continuous
parameters refine the slicing skill to the relevant instance,
compactly represents a family of policies corresponding to
slicing fruit. This enables strong generalization to previ-
ously unseen pickup locations.

Recent work on learning parameterized skills includes LO-
TUS (Wan et al., 2024) and EXTRACT (Zhang et al., 2024),
which first identify discrete skills by clustering demonstra-
tion trajectories using pretrained models such as VLMs.
There are two downsides to this approach: (i) it implicitly
assumes that a given skill will occur in visually similar en-
vironments, (ii) fixing skills beforehand could make these
methods more brittle if the initial clustering happens to not
be appropriate.

We instead propose an end-to-end method to learn parame-
terized skills, jointly training (i) a discrete skill selector (ii)
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a continuous parameter selector conditioned on the discrete
skill (iii) a subpolicy conditioned on both. We adopt an ap-
proach that is directionally similar to that used by Shankar
and Gupta (2020), who introduce temporal variational in-
ference to train a latent variable model using a maximum
likelihood objective, where the latent variables represent
discrete/continuous skills.

However, this approach is under-specified, and often admits
degenerate solutions that maximize the behavior cloning
loss without learning useful skill abstractions (Jiang et al.,
2022). This issue of under-specification is exacerbated when
trying to learn parameterized skills using a latent variable
model and behavior cloning loss. At one extreme, the model
may reconstruct the trajectories in the training data by as-
signing a unique continuous parameter at every timestep,
effectively using the continuous parameter to encode the
desired action directly and without any temporal extension.
Perhaps more interestingly, we find it is also common for
models to learn to encode all trajectories in a single skill
and continuous parameter. As we show in Appendix A, this
behavior is enabled by the fact that expert demonstrations
for different tasks can occupy disjoint regions of the ob-
servation space. In such cases, a single skill can learn to
simultaneously complete different tasks in different regions
of the observation space, bypassing the need to learn mean-
ingful parameterized skills to minimize the behavior cloning
loss.

To prevent the occurrence of such degenerate solutions, we
employ various information-theoretic constraints and archi-
tectural choices, as outlined in Section 3.5. This includes
compressing the observation embedding before passing it
to subpolicy networks to reduce the amount of information
and predicting continuous parameters for each discrete skill
rather than at every timestep. These design choices force
the model to rely on the latent variables to solve the task,
resulting in more robust, interpretable, and generalizable
skills.

2. Related Work

2.1. Learning Skills from Demonstrations

A straightforward approach to learning from multitask
demonstration data is to train a monolithic policy that maps
a state and task label to a single action. However, previous
works suggest that the difficulty of a sequential decision-
making problem scales with the problem horizon (Ross
etal., 2011; Jiang et al., 2015; Rajaraman et al., 2020). To
improve sample efficiency and generalization, many meth-
ods hence focus on learning temporally-extended action
abstractions called options/skills (Sutton et al., 1999).

There is a large body of work focusing on learning skills
from demonstrations (Konidaris et al., 2012; Niekum et al.,

2013; Krishnan et al., 2017; Kipf et al., 2019; Sharma et al.,
2019; Shankar & Gupta, 2020; Zheng et al., 2024; Fu et al.,
2024). Notably, Shankar and Gupta (2020) introduce tempo-
ral variational inference to learn skills from demonstrations.
However, their method is restricted to low-dimensional state
spaces. Furthermore, all the methods above are restricted
to learning a fixed number of discrete skills or continuous
skills.

2.2. Learning Parameterized Skills

As outlined in Section 1, discrete skills can lack the repre-
sentational capacity to generalize across variations of a task,
and while continuous skills offer fine-grained control, they
can be harder to utilize and interpret. Parameterized skills,
which combine discrete skills with continuous parameters
for refinement, offer a promising alternative that blends the
advantages of both discrete and continuous skills.

Early work on parameterized skills, including work by Da
Silva et al (2012), proposed the construction of parameter-
ized skills by analyzing the structure of policy manifolds.
However, this required labeled parameters of tasks for train-
ing. More recent methods, such as LOTUS (Wan et al.,
2024) and EXTRACT (Zhang et al., 2024), learn parame-
terized skills by first clustering demonstration trajectories
into different discrete skills using pretrained models such as
VLMs, and then learning parameterized policies correspond-
ing to each cluster. However, this approach implicitly makes
the assumption that the same discrete skill takes place in
visually similar environments, which may not hold in prac-
tice. Furthermore, fixing the discrete skill set in advance
may make the methods brittle when the initial clustering
does not align well with the inherent task structure.

In contrast, our method learns both the discrete and contin-
uous components of parameterized skills, along with the
subpolicy, in an end-to-end fashion. This allows the model
to jointly optimize all components for generalization and
robustness. In Section 4, we demonstrate that our method
achieves significantly more consistent performance across
unseen tasks and random seeds. We attribute this to the
expressiveness of parameterized skills as an underlying rep-
resentation, as well as to the benefits of joint end-to-end
optimization.

3. Learning Parameterized Skills from
Demonstration Data

We consider a set of tasks 7, where each task [ € 7T corre-
sponds to a Markov Decision Process {5, A, P, G}, where
S is the (potentially multimodal) state space, A is the ac-
tion space, P is the transition function between successive
states (i.e. P(s¢+1|st,at)), and Gy is the set of goal states
wherein task ¢ will be considered completed. Note that in
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this formulation, all tasks are assumed to share the same
state/action spaces and transition function.

In the Learning from Demonstrations (LfD) setting, we
assume we are provided with a training dataset contain-
ing N expert trajectories D = {T;}Y ;. Each trajectory
T; = {m,1;}, where l; € T denotes the task the trajectory
corresponds to, while 7; = {s;, at}fgl, st €85,a; € A, de-
notes the observation-action pairs recorded in the trajectory.

Our overarching goal is to learn a task-conditioned policy
that not only generalizes well within individual task covered
within the training data {T;} ;. but also learns from the
shared structure across these tasks to better generalize to
novel tasks drawn from 7.

3.1. Background

We assume that tasks in 7, and more generally, tasks in the
real world, naturally decompose into sequences of discrete
skills coming from some set K. For example, a trajectory
of a robot successfully making tea involves picking and
placing different objects, grasping and turning knobs, etc.
Furthermore, we assume that each discrete skill £k € K can
be parameterized by a vector z € R% !, to yield a policy
74 (a¢|s1.¢, a1.4—1, ki, 2¢). Different discrete skills in K are
meant to represent fundamentally different policies. Given
a discrete skill k € K, the policy 74 (a¢|s1.t, a1.¢—1, ke, 2¢)
is assumed to vary smoothly with respect to the continuous
parameter z € R?. For example, a discrete skill to pick
up objects, pick (x, v, z), might be parameterized by a
continuous parameter in R® representing the location to pick
the object up from.

3.2. Generative Process

To choose an action at timestep ¢ using parameterized
skills when executing task [ € T, we assume that first
a discrete skill k; is sampled from the discrete-policy,
78 (k¢|s1.4,a1.4—1,k1.6-1, 21.¢-1,1). Next, a continuous
parameter z; is sampled from the continuous-policy cor-
responding to k;, 77 (2¢|S1.¢, @141, k1:¢, 21:4—1, ). Finally,
an action is sampled from the subpolicy corresponding to
(ktazt)y WA(at‘Slzhalztflykt7zt)2-

Consider some trajectory (7,l1) € D, where 7 =
{s¢,a; } |, and some corresponding sequence of discrete
skills & = {k;} X, and continuous parameters ¢ = {z;}X .
Then, we can write the joint likelihood of these sequences
P(1,k,(,1) as follows:

"Here, d represents the number of continuous parameters.

The subpolicy here is assumed to be independent of the task
and the previous discrete/continuous parameters. This is consistent
with our goal of learning skills that generalize across tasks and
that can be specified by their discrete and continuous parameter.

>

P(T,H,C,l) = P(slal)

t=1

71—Z(Zt|51:ta ai:t—1, kl:ta Z1:t—1» l)
7 (@514, ar:e—1, ke, 2¢)

P(st+1|st,at)}. (l)

3.3. Deriving a Training Objective

To train policies 7%, 7%, and 7o that are ultimately usable

at inference time, each pohcy can only be conditioned on
prior observations, actions, discrete skills, and continuous
parameters. In line with prior literature, we aim to maximize
the objective E, ;. p(log P(7,1)). However, calculating
log P(7,1) exactly involves an intractable marginalization
over all possible sequences of discrete and continuous skills.
We use temporal variational inference (Shankar & Gupta,
2020) to estimate E. ;.. p(log P(7,1)) while maintaining
the auto-regressive structure of the policies learned. We in-
troduce a variational distribution q(k, ¢|7,1) which is meant
to approximate P(k,(|7,[). Due to the non-negativity of
KL divergence:

ET,IND(IOg P(T, l)) Z ETJND(IOg P(T, l)
— Dir(q(s, (I, D[Pk, ¢ [ 7,1))) =

Note that the bound above is tight when ¢(k, (|7,l) =
P(x,¢|7,1). Now,

L= ET,IND,/{,(N(](K,C\T,Z) (log (P(Ta l)P(’iv <|T7 l))

—logq(x, (|,1))
K
_ETINDHCNQ(I{ ¢l,l) logp 817 Z{
t=1

K
log ™ (k¢|s1:4, @1:6—1, K1:t—1, 21:0—1, 1)
A
logm (Zt\sl;ty Q1:4—1, K1:ty 21:6—1, l)
A

logm (at|31:taa1:t717ktazt)
log P(st41(s¢,a¢)}

—log q(r, (|7, 1)). @

Where the last step uses the joint distribution derived in
Equation (1). Keeping computational efficiency during
training in mind, to enable the discrete skills and contin-
uous parameters for each timestep to be sampled in par-
allel, we assume that conditional on previous states and
actions, (ki, z;) is independent of (k;, z;) for | < t. This
allows us to rewrite 75 (k|s1.¢, a1.¢—1, k1:0—1, 21:¢-1,1) as

{WK(kt|81:t, 141, K1e—1, 21:0—

17l)

L.
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T (kyls1e, are—1,1) and 77 (z¢]s1.0, a1:—1, k1t, 21:0-1, 1)
as 77 (2¢|s1.4, a1.¢1, k¢, 1). Since the subpolicy 74 is only
conditioned on the current continuous and discrete parame-
ters, one can show that for any fixed 74, the joint likelihood
in Equation (1) can be maximized by the simplified ex-
pressions for 7 and 7% above. Our empirical results in
Section 4 also validate that this assumption does not prevent
useful skills from being learned.

Since ¢(k, ¢|7,1) is meant to approximate P(k, (|T), one
can now rewrite ¢(k, ¢|7,1) as follows:

K

q(“? C:‘Ta l) = H q(kt|Ta l)Q(ztITa kta l)

t=1

3

Using Equation (3) and the observation that the dynamics
P(st41]8t,a¢) and the joint distribution of the task and
initial state, P(s1,1), do not affect the gradient of our loss,
we can rewrite Equation (2) in the following, cleaner, form:

K
L= ET,IND,I@,CN(](K,C\T,Z) (Z 1Og ﬂ—A (at|81:t7 a1:t—1, kt7 Zt))
t=1
K
- ET,Z~D(Z{DKL(Q('|7—7 D7 (|s1:45 ar:-1,1))

t=1

- ]Ektwq(kth,l) (DKL(Q('|T7 kt, l)||7rZ('|51:ta ai:4—1, ke, l)))})

“

We represent the discrete skills using categorical distribu-
tions and the continuous parameters using Gaussian dis-
tributions. Hence, the KL-divergence terms above can be
calculated exactly.

3.4. Algorithm

Pretraining (SKkill Discovery): Equation (4) immediately
suggests Algorithm 1 to jointly train a discrete network to
learn 7%, a continuous network to learn 7%, a subpolicy
network to lean 74, and a variational network to learn q.

Intuitively, sampling (k, ¢) from bidirectional network en-
ables the discovery of better skill abstractions by consider-
ing both past and future states/actions in the input trajectory.
The first term in Equation (4) ensures ¢ and subpolicy 74
can jointly predict the actions in the demonstration trajec-
tory, while the KL-divergence terms train the autoregressive
networks (7%, %), while also restricting ¢ to distrubutions
that can be approximated autoregressively at inference time.

Adaptation to Unseen Tasks and Inference: Note that
policies (7%, %, 74) are only conditioned on previously
observed variables, and therefore can be used for infer-
ence. To finetune the model to an unseen task, we use

Algorithm 1 Learning Parameterized Skills

1: Input: Dataset D of trajectories {r,1},
7= {st,a}{<y
: Initialize networks: 7
repeat
Sample batch {r,{} from D
Sample «, ¢ ~ q(k, C|T,1)
Calculate £ according to Equation (4)
Gradient step to maximize £
until convergence
: Output: 75, 7%, 74

K _Z

,mZ, 74, q

AR A A R o

the same procedure as in Algorithm 1, with the exception
that in Line 4 of Algorithm 1, x and ¢ are sampled from
8 (ki|s1.4,a1.0-1,1) and 77 (2¢]s1.4, a1:0—1, ke, [) repec-
tively (instead of ¢(k, {|,1)). By making this change, we
finetune the subpolicy using the discrete skills and con-
tinuous parameters predicted by the networks that will by
used at inference time (i.e. 7% and 7%). In practice, these
distributions are close but not identical to the distributions
predicted by ¢(k, {|7,1). While this sampling scheme is bi-
ased, we empirically observe that it improves performance
at inference time.

3.5. Avoiding Degenerate Solutions

A naive implementation of Algorithm 1 would be underspec-
ified, i.e. the loss £ in Equation (4) can be minimized with-
out learning meaningful parameterized skills. In practice,
we observe two primary modes of failure: (i) the continuous
variables predicted by the variational-network change at
every timestep, preventing compression from taking place
(ii) the discrete and continuous parameters remain constant,
essentially making the subpolicy network identical to one
learned with multitask behaviour cloning. In this section,
we outline the architecture of each network trained in Algo-
rithm 1, explaining the design decisions made to prevent the
issues above.

After sampling a batch of trajectories (Line 4, Algorithm 1),
we first encode each observation using an image encoder.
This encoded input is then passed to each of the networks
described below

Variational Network: The variational network learns the
distribution ¢(k, ¢|7,1). We implement this as a bidirec-
tional GRU that takes the encoded states and actions cor-
responding to a sampled demonstration trajectory as well
as a task ID, as input. The outputs of the GRU (one for
each timestep) are then passed through a prediction head
to predict the discrete skill at each timestep as a categori-
cal distribution. A separate output head is used to predict
the continuous parameters. However, to prevent continu-
ous parameters from changing at each timestep, we predict
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the continuous parameters for each discrete skill instead
of each timestep. This “restricts” the amount of informa-
tion conveyable through the discrete skills and continuous
parameters encoding a trajectory, forcing the subpolicy net-
works to learn temporally extended policies. 3. We model
the discrete parameters as Gaussian distributions using the
reparameterization trick (Kingma & Welling, 2014).

Once the discrete skills are sampled, they can be used as
indices into the set of predicted continuous parameters
to choose the appropriate continuous parameter for each
timestep. *

As training progresses, we observe that the average dis-
tance between continuous parameters increases, possibly
indicating overfitting. To encourage compact and generaliz-
able representations, we introduce a Skill Parameter Norm
Penalty that discourages large-magnitude continuous param-
eters. Formally, we add the following regularization term to
the loss in Equation (4):

K
£norm = /\norm Z HZtHQ
i=t

where z; denotes the ¢-th continuous parameters predicted
by the variational network, and Apom is a regularization
coefficient.

Subpolicy Network: The subpolicy network learns the dis-
tribution 74 (a¢|s1.¢, a1.¢_1, k¢, 2¢), taking as input the cur-
rent discrete and continuous parameters along with the pre-
vious observations. The input observations are then passed
through a one-directional LSTM. We concatenate the se-
lected continuous parameters to output embedding from the
LSTM before passing them to a head returning the action
distribution as a Gaussian mixture model.

As discussed, a common failure mode of Algorithm 1 is to
encode all trajectories with the same continuous and discrete
parameters. Empirically, we find that an algorithm trained
with constant discrete/continuous parameters (i.e. multitask
behavior cloning) achieves the same behavior cloning loss
as an implementation learning abstractions.

3While this restriction of one continuous parameter value per
discrete skill per trajectory works in our experiments, it is possible
that longer-horizon trajectories will require the same discrete skill
to be used with multiple continuous parameterizations. However,
the same principle easily extends to this setting, as one can predict
n sets of continuous parameters per discrete skill per trajectory,
where n is a chosen hyperparameter.

4 Another key difference between our architecture and that used
by Shankar and Gupta (2020) is that we do not predict binary
variables representing skill termination at each timestep. We find
that including this variable makes it significantly harder to get
training to stabilize by adding dependencies between different
time steps, which also slows the implementation down.

This issue stems from the fact that, in the datasets we use,
the state-spaces covered by demonstration trajectories from
different tasks have a small intersection (we validate this in
Appendix A), making it possible for a multitask network to
“memorize” the training data.

Our key insight to tackle this issue is to use information
hierarchies, i.e. instead of passing the full observation to
the subpolicy network, we pass a lower-dimensional, “com-
pressed”, version. This makes the subpolicy network depen-
dent on meaningful discrete skills and continuous parame-
ters to minimize the behavior cloning loss as the compressed
observation space does not contain sufficient “information’
to predict the correct action in isolation.

>

Discrete & Continuous Networks: The Discrete
and Continuous networks learn the distributions
WK(kt|51:t,a1:t_1,l) and WZ(Zt‘Slzhal:t_l,k't,l) Ire-
spectively. Both take as input the state/action history and
task ID, which are passed through a one-directional GRU.
The Discrete Network predicts the discrete parameter
for each timestep as a categorical distribution, while
the continuous network predicts one set of continuous
parameters for each timestep and discrete skill (this output
is then indexed with the sampled discrete skills).

Unlike the variational network, the continuous network pre-
dicts a continuous parameter for every timestep. This allows
us to “close the loop” during inference time, i.e. the contin-
uous network can refine the chosen continuous parameter at
each timestep based on the most recent observation.

4. Experiments

We evaluate the performance of our algorithm on LIBERO
(Liu et al., 2023), a multitask robot manipulation benchmark
with a multi-modal observation space. First, we present
quantitative results, where we benchmark the performance
of our approach against pre-existing approaches. We then
present a qualitative analysis showing that the approach
learns semantically meaningful parameterized skills.

4.1. Quantitative Results

To pre-train model architectures, we use 80 tasks from
LIBERO-90 using the offline dataset presented in the origi-
nal paper. For each of the 80 pretraining tasks, the dataset
provides 50 demonstrations collected using human tele-
operation. The state-space for each task includes images
from two different viewpoints, a 9-dimensional vector rep-
resenting the robot’s state, and a language description of the
task at hand. The action space consists of a 6-dimensional
real-valued vector representing desired arm movements,
along with a binary variable to open/close the gripper.

After pretraining, we test each model architecture on 10
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Table 1. Comparison of average success rates by amount of pretraining (PT) and algorithm. We report average success rates for each
algorithm across 3 seeds and 20 epochs of finetuning for each unseen task (1-10). We also report the average success rates across tasks
(Mean), the coefficient of variance over the success rates of different tasks (T-CV), and the average of the coefficient of variance across
seeds for each task (S-CV). Best performance in each column is in bold. Learning parameterized skills results in superior performance for
every metric, pretraining amount, and (almost every) downstream task.

. Unseen Task Index
PT Algorithm I ‘ 5 ‘ 3 ‘ 7 3 ‘ g ‘ 5 ‘ 3 ‘ 9 ‘ 0 Mean | T-CV | S-CV
] 0 \ BC (Untrained) H 0.00 \ 0.00 \ 0.01 \ 0.00 \ 0.02 \ 0.00 \ 0.00 \ 0.00 \ 0.00 \ 0.04 \ 0.01 \ 1.59 \ 1.27 \

Parameterized Skills || 0.17 | 0.08 | 0.25 | 0.13 | 0.16 | 0.23 | 0.27 | 0.33 | 0.39 | 0.24 | 0.22 0.42 0.27

5 PRISE 0.02 | 0.02 | 0.02 | 0.01 | 0.02 | 0.08 | 0.00 | 0.00 | 0.01 | 0.05 | 0.02 1.06 1.61
BC 0.02 | 0.01 | 0.06 | 0.03 | 0.24 | 0.13 | 0.02 | 0.10 | 0.05 | 0.07 | 0.07 0.94 0.87
Parameterized Skills || 0.12 | 0.08 | 0.23 | 0.12 | 0.24 | 0.27 | 0.24 | 0.47 | 0.35 | 0.21 | 0.23 0.50 0.23

10 PRISE 0.10 | 0.06 | 0.13 | 0.06 | 0.20 | 0.21 | 0.05 | 0.05 | 0.15 | 0.14 | 0.12 0.53 1.56
BC 0.00 | 0.03 | 0.05 | 0.02 | 0.20 | 0.16 | 0.12 | 0.10 | 0.19 | 0.15 | 0.10 0.72 1.11
Parameterized Skills || 0.09 | 0.08 | 0.23 | 0.10 | 0.21 | 0.21 | 0.23 | 0.41 | 0.30 | 0.21 | 0.21 0.49 0.18

15 PRISE 0.11 | 0.02 | 0.08 | 0.03 | 0.17 | 0.28 | 0.11 | 0.09 | 0.22 | 0.12 | 0.12 0.65 1.29
BC 0.00 | 0.07 | 0.01 | 0.01 | 0.19 | 0.09 | 0.19 | 0.16 | 0.36 | 0.11 | 0.12 0.93 1.00
Parameterized Skills || 0.06 | 0.08 | 0.24 | 0.07 | 0.24 | 0.14 | 0.21 | 0.36 | 0.29 | 0.20 | 0.19 0.52 0.27

20 PRISE 0.05 | 0.05 | 0.17 | 0.06 | 0.15 | 0.31 | 0.10 | 0.03 | 0.19 | 0.19 | 0.13 0.67 1.08
BC 0.00 | 0.04 | 0.02 | 0.01 | 0.18 | 0.12 | 0.12 | 0.24 | 0.45 | 0.31 | O.15 1.00 0.93

Success Rates

| —— Parameterized Skills (Ours)
—— BC (pretrained)
o 0301 —— PRISE
T | —— BC (without pretraining)

T T T T
1 6 11 16
Number of Epochs of Finetuning

Figure 1. Success rate v.s. number of finetuning epochs (averaged
over 10 unseen tasks and 3 seeds), with the shaded regions rep-
resenting standard deviation across the 3 seeds. We find that our
method achieves the highest success rate across all amounts of
finetuning.

unseen tasks in Libero-90 involving previously unseen goals
and environments. > We finetune the pretrained model
architectures on 50 provided demonstration trajectories for
each task in the test set separately. Descriptions of the 10
tasks in the test set can be found in Appendix B.

3Previous work has typically instead used the tasks in Libero-
10 to test generalization. However, we find that most tasks in
Libero-10 are a concatenation of tasks in Libero-90, and therefore
a weak test of generalisation. On the other hand, our held-out set
of test tasks involves unseen goals and environments.

4.2. Baselines

We compare our approach against the following baselines
(1) A multitask behaviour cloning (BC) network using a
ResNet-RNN setup analogous to LIBERO (Liu et al., 2023),
(2) the same multitask BC architecture, but without any
pretraining, and (3) PRISE (Zheng et al., 2024), a strong
baseline learns action “tokens” and then applies byte pair
encoding to learn common action sequences.

‘We use the same Resnet-18 architecture for all baselines,
along with a hidden size of 1024 for all subsequent layers.
More details on specific architectures and hyperparameters
used can be found in Appendix C.

4.3. Experiment Setting and Results

For each algorithm, we perform pretraining, if applicable, on
the 80 training tasks for 20 epochs using three seeds, saving
checkpoints after every 5 epochs (i.e. four checkpoints are
saved for each of the three seeds). Then, for each of the
10 tasks in the held-out test set, we finetune the pretrained
models over 20 epochs. After each epoch of finetuning,
we evaluate the success rate of each task with 20 rollouts.
Success rates are then averaged across the three seeds for
each amount of pretraining ({5, 10, 15, 20} epochs).

In Figure 1, we show the success rate achieved by each
algorithm as a function of the number of finetuning epochs.
Results are averaged across the 10 held-out tasks and 3 seeds,
and for each algorithm, we pick the amount of pretraining
giving the highest average success rate. As seen in the
figure, learning parameterized skills using our algorithm
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achieves the highest success rate irrespective of the amount
of finetuning performed.

We find that this result holds consistently for all amounts of
pretraining. Table 1 shows the average success rate of each
algorithm for every amount of pretraining and every unseen
task. We highlight key takeaways below:

* Our method achieves the highest average success rate
for each amount of pretraining, showing stronger per-
formance across pretraining amounts.

* Learning parameterized skills results in the most con-
sistent performance across unseen tasks. We measure
this by calculating the coefficient of variance over the
average success rates for each task (T-CV). For each
amount of pretraining, our method has a significantly
lower T-CV than other baselines. We attribute this to
the fact that we learn parameterized skills in an end-
to-end fashion. Learning parameterized skills yields
expressive generalizations (leading to consistent down-
stream adaptation), while learning skills end-to-end
makes it possible for our algorithm to adapt even when
the previously learned abstractions are not the most
appropriate.

* Learning parameterized skills is the most consistent
method across different seeds/initializations. We mea-
sure this by calculating the coefficient of variance of
the average success rate across 3 seeds for each task,
and then taking the average of this value across the
10 unseen tasks (S-CV). Regardless of the amount of
pretraining, learning parameterized skills results in sig-
nificantly lower S-CV. This shows that our method is
robust to different initializations.

4.4. Qualitative Results

We find that on pretraining on LIBERO-90, our algorithm
discovers intuitive parameterized skills, primarily consisting
of separate skills for grasping, moving and releasing ob-
jects. The same discrete skills are used consistently across
environments and object types, with changing continuous
parameters to encode task-specific details. We provide a rep-
resentative visualization of the decomposition of trajectories
into skills in Figure 2.

4.5. Conclusion

We presented an end-to-end method to learn parameter-
ized skills from demonstration data. To do this, we ini-
tially derive a loss function using temporal variational in-
ference. However, we explain that this loss function admits
degenerate solutions. To avoid this, we utilize a series of
information-theoretic methods such as information hierar-
chies. We show that the resulting algorithm learns seman-

grasp_object

move_object release_object close_drawer

Task: put the butter at the back in the top drawer of the cabinet and close it

grasp_object. move_object release_object close_door

Task: (remove the obstacle and) close the microwave door

Figure 2. Visualization of the discovered discrete skills for two
sample tasks. Images represent the points at which the sampled
discrete skill changes, with the discrete skill taking place between
two images indicated on top (the algorithm labels discrete skills
with integers, which are visible in the figure. The natural language
skills were selected to be consistent with the discovered segmen-
tations of the demonstration trajectories). We find that general
skills corresponding to grasping, moving, and releasing objects
are learned and consistently applied across visually diverse tasks.
Furthermore, for less frequent subtasks such as closing drawers
and microwaves, dedicated discrete skills are discovered.

tically meaningful skills and consistently achieves higher
success rates on unseen tasks in LIBERO compared to ex-
isting baselines, irrespective of pretraining amounts. We
also show that our approach leads to more consistent per-
formance, displaying a significantly lower coefficient of
variance both across unseen tasks and across random seeds.
We believe our approach shows promise towards better data-
efficient task generalization in robotics.
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A. Task Prediction from Observations

To motivate the need to provide a compressed version of the observation space to subpolicy networks, we study the overlap
in the observation space across different tasks in Libero-90. Specifically, for each task in Libero-90, we split the 50 provided
demonstration trajectories into 45 training trajectories and 5 test trajectories. Using the 45 « 90 = 4050 trajectories in the
training set, we train a simple classifier to predict which of the 90 tasks a single observation belongs to. Our model consists
of the same Resnet-18 image encoder used in our experiments, with a two-layer MLP on top (with a hidden size of 1024).
After two epochs through the training data, our model achieves an accuracy of 84% on the held-out test data. ’

Note that our model has access to a single observation as input, and therefore can not analyse temporal information about
the demonstration trajectory. Furthermore, the training and test datasets come from separate demonstration trajectories, so it
is also not possible for the model to reason based on trajectory-specific attributes. We conclude that there must be little
overlap in the observation space covered by demonstration trajectories corresponding to different tasks.

Note that the subpolicy network we train has access to previous observations in addition to the current observation, possibly
increasing the disjointedness between observation encodings across different tasks. This explains why we observe no
significant difference in the cloning loss achieved by a single model mapping observation to action compared to a naive
implementation of temporal variational inference. As explained in Section 3.5, we mitigate this issue by passing a compressed
version of the observation space to the subpolicy network, forcing meaningful discrete skills and continuous parameters to
be learned in order to minimize behavior cloning loss.

B. Descriptions of Tasks in the Test Set

We provide descriptions of the tasks used in the test set below. For more details on the individual tasks, as well as those used
in the training set, please refer to LIBERO (Liu et al., 2023).

Task Index | Task Description
1 STUDY SCENE2 pick up the book and place it in the right compartment of the caddy
2 STUDY SCENES3 pick up the book and place it in the front compartment of the caddy
3 STUDY SCENES3 pick up the book and place it in the left compartment of the caddy
4 STUDY SCENE3 pick up the book and place it in the right compartment of the caddy
5 STUDY SCENES3 pick up the red mug and place it to the right of the caddy
6 STUDY SCENES3 pick up the white mug and place it to the right of the caddy
7 STUDY SCENE4 pick up the book in the middle and place it on the cabinet shelf
8 STUDY SCENEA4 pick up the book on the left and place it on top of the shelf
9 STUDY SCENEA4 pick up the book on the right and place it on the cabinet shelf
10 STUDY SCENE4 pick up the book on the right and place it under the cabinet shelf

Table 2. Task descriptions with scene information

C. Model Architectures and Hyper-parameters

We use the Resnet-18 architecture provided in LIBERO (Liu et al., 2023) for each of the baselines. We highlight the
architectural details of each baseline below:

C.1. Parameterized SKkills

The variational network contains a two-layer bidirectional GRU with hidden size 1024. The individual heads for the discrete
and continuous parameters both have two layers each with a hidden size of 1024. For every timestep, the output head for
continuous parameters returns an array of dimensions (|x|, d), where || is the number of discrete skills (set to 10) and d is
the dimensionality of the continuous parameters (set to 2). We then average the outputs of the continuous parameters output
heads to get one set of continuous parameters per timestep, as highlighted in Section 3.5.

"While the observations used in LIBERO (Liu et al., 2023) include an embedding of the current task, we remove this embedding for
the purposes of this experiment

10
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The discrete and continuous networks both consist of one-directional GRU with a hidden size of 1024, followed by two
layers of hidden size 1024.

The subpolicy network consists of a one-layer one-directional LSTM with hidden size 1024, followed by a Gaussian
mixture model head with two intermediate layers and a hidden size of 1024. We use the same Gaussian mixture model
implementation as LIBERO (Liu et al., 2023) with one exception - the action space of libero consists of 6 continuous
variables and one binary variable. Therefore, we model the last dimension in the action space with a categorical distribution
instead of a mixture of Gaussians (this helps made the behavior cloning loss values more instructive, as modeling a
binary variable as a mixture of Gaussians leads to the variances of the corresponding Gaussian collapsing, making the loss
deceptively low). We concatenate the continuous parameters to the output of the LSTM before passing them to the Gaussian
mixture model.

The observation space of LIBERO consists of images from two viewpoints, the task description, and a 9-dimensional vector
representing the position of the robot arm. To “compress” the observation space before passing to the sub-policy network
(Section 3.5), we simply remove the images and task description from the observation, leaving behind the 9-dimensional
vector representing robot state. This forces the learned discrete skills and continuous parameters to encode all relevant goal
and environment information necessary for successful task completion.

To calculate the loss during pretraining, we weigh the KL divergence terms corresponding to the discrete skills and
continuous variables by 0.1 and 0.01, respectively. The skill parameter norm penalty is weighted by 0.1 We train the
resulting architecture with a batch size of 3 during pretraining and a batch size of 2 during finetuning. We use a learning rate
of 3e — 4 and the random seeds 95, 96, and 97.

C.2. Behavior Cloning

We use the same general setup as described for parameterized skills. The main changes are that the variational, discrete,
and continuous networks are no longer used, and the subpolicy network no longer receives discrete skills and continuous
parameters in its inputs and receives an uncompressed version of the state space.

C.3. PRISE

We use the hyperparameters used in the original implementation (Zheng et al., 2024) along with the same seeds as the
previously described approaches. The dataloader in the original PRISE implementation contains multiple instances of the
same observation-action pair. Hence, to ensure fair comparison between baselines, we use a batch size of 35, which makes
each batch in the PRISE implementation contain the same number of observations as the previous approaches on average.
We then train PRISE for the same number of gradient steps as the approaches above.
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