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Abstract— In this work, we present an inverse reinforcement
learning approach for solving the problem of task sequencing
for robots in complex manufacturing processes. Our proposed
framework is adaptable to variations in process and can
perform sequencing for entirely new parts. We prescribe an
approach to capture feature interactions in a demonstration
dataset based on a metric that computes feature interaction
coverage. We then actively learn the expert’s policy by keeping
the expert in the loop. Our training and testing results reveal
that our model can successfully learn the expert’s policy.
We demonstrate the performance of our method on a real-
world manufacturing application where we transfer the policy
for task sequencing to a manipulator. Our experiments show
that the robot can perform these tasks to produce human-
competitive performance. Code and video can be found at:
https://sites.google.com/usc.edu/irlfortasksequencing

I. INTRODUCTION

The industry is currently facing a severe shortage of skilled
individuals who can perform complex processes [1]. There is
a tremendous interest in deploying robots to automate these
tasks for producing high-quality parts. Examples of such
complex processes are surface finishing, composite sheet
layup, spraying of surfaces, etc. (Refer Fig. 1). For these
processes, experts break down a complex operation into a
set of subtasks. In each subtask, experts perform intricate
motions and complete the given process by sequentially
executing these subtasks. This work aims to learn the human
expert’s policy for performing these processes from their
demonstrations. This learned policy can serve as a skill-
transfer medium between humans and robots. More impor-
tantly, our learned policy can enable the robot to execute the
process on a brand new part without requiring a new human
demonstration.

We approach this problem by interviewing several domain
experts. In our interactions with these experts, we discov-
ered that the process outcome is heavily influenced by the
sequence in which the subtasks are performed. This work
focuses on modeling the expert’s policy for sequencing the
subtasks to achieve desirable outcomes in the process.

One could think of several approaches to capture the
expert’s policy to sequence these tasks, e.g., using physics-
based simulation for planning defect-free sequences. How-
ever, simulating defects in a process such as composite
prepreg layup that involves manipulating a sheet can be
complex [2]–[4]. Additionally, heuristic-based approaches to
capture this policy can be cumbersome and may be hard to
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generalize. Inverse Reinforcement Learning (IRL) has proved
quite effective in solving several task sequencing problems
in robotics [5]–[7]. Hence we adopt an IRL-based approach
where we try to learn the expert’s policy for sequencing these
tasks with a robot.

Fig. 1: Example processes that require human-to-robot skill
transfer.

Our entire framework for learning the expert’s policy is
summarized in Fig. 2. We have a demonstration stage where
we collect the expert’s task sequencing and motion data on
different tools. Tools here are defined as the entity on which
the process is executed to manufacture the desired part. The
tools used in these processes are usually divided into local
regions (Refer to Demonstration Stage in Fig. 2). A task is
defined as the action of processing an individual region.

The experts can verbalize their process knowledge and
give us explicit information that helps us select features for
our learning problem. Moreover, experts suspected that for
these processes, several features could interact to influence
their policy. The processes described in this work are high-
mix low volume, so capturing these feature interactions
becomes essential. Thus, we have an aspect that computes
whether enough interactions are captured in the demonstra-
tion dataset.

After obtaining high-quality demonstration data, our next
step is to learn the policy, which refers to the expert’s
preferences for executing the subtasks. While multiple se-
quences may lead to desirable performance on a given tool,
experts may have specific preferences due to external factors
such as the design of the work cell, ease of operation, tool
and robot placement, and other considerations. To address
this issue, we distinguish between two types of preferences:
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Fig. 2: Overview of the proposed framework for learning task sequencing policy.

"performance-based" and "effort-based," and learn them in-
dependently. This approach enables us to generalize the
policy across various tools and operational settings more
effectively. In this manner, we propose an IRL framework to
learn the expert’s policy for task sequencing and transfer it
to a robot. The key contributions of our work are (1) Feature
Interaction coverage determination for demonstrations, (2) an
active IRL methodology to learn expert’s independent pref-
erences, and (3) robot demonstrations on an actual industrial
problem. II. RELATED WORK
IRL Overview: The field of IRL has been mainly cate-
gorized under the umbrella of imitation learning, with the
objective of learning an expert’s policy. Earlier work in IRL
focused on imitating an expert’s policy on already demon-
strated data or simple tasks [8]. There are four main IRL
approaches: Max-margin IRL, Max-entropy IRL, Bayesian
IRL, and Regression/Classification IRL [9]. Max-entropy-
based methods [10] propose a solution to select weights
in the presence of incomplete information. In contrast,
Bayesian-IRL methods [11] compute a probability distri-
bution over reward functions based on informative priors.
Most of the work in IRL assumes a linear reward function,
except for [12], which focuses on sub-optimal stochastic
demonstrations. In this work, our problem requires us to
strictly comply with the expert in the absence of any noise.
Besides finding a reward function for the expert, we also
need to penalize sequences that result in poor process per-
formance. Therefore, max-entropy and Bayesian IRL-based
methods are not suitable. Max-margin methods proposed by
[13], [14] introduce the concept of scaling sequences based
on their proximity to the expert’s demonstration. Therefore,
max-margin-based methods provide the appropriate learning
scheme for our problem. However, previous work on max-
margin-based methods did not address scenarios with vary-
ing levels of preferences, feature interactions, and limited
demonstrations. Recent work proposed in [15]–[17] intro-
duces the active learning element to learn reward functions
from preferences. However, these methods do not take into
account interacting features.

IRL in Manufacturing: IRL for sequencing has been
studied for assembly tasks in [18]–[20] but the focus is on
assisting the expert rather than transferring policy to the
robot. Several works also focus on learning rewards for
insertion tasks [21], [22]. In [23], authors mention about
using IRL for sequencing for machining tasks but do not
account for transferring policies to a robot. Prior work in
learning from demonstration has explored the problem of
solving surface finishing operations [24]–[27] but they do
not address the region sequencing problem.

III. PROBLEM FORMULATION

We formulate the problem described in Section I as a task
sequencing problem, where the robot has to perform a set of
subtasks to complete the process.
Assumptions: Our assumptions for the task sequencing
problem are as follows:

• Demonstrations are optimal and have no noise as they
are performed by experts.

• Features and Feature Interaction information can be
captured from expert’s description of the process.

• Only pairwise feature interactions are present.
State Preliminaries: Section I describes processes that
feature a tool, as shown in Fig. 2. The tool is divided
into Ni regions, ∀i ∈ 1, .., d, where d is the number
of demonstration tools. Regions are indexed alphabetically
based on their appearance row-wise from left to right. A task
for the agent is defined as processing a region on the tool,
so the agent’s objective is to compute a desirable sequence
for performing these Ni tasks.. We denote the human expert
by H whose performance and effort-based preference we are
trying to model. The autonomous agent that learns from H
will be represented by A. The state of A gets denoted as
s ∈ Si,Si 7→ RNi ,∀i ∈ {1, .., d}, and we represent s as
a set of tasks that A completes. The action that A takes
at a state s is denoted as a ∈ A, where A is a set of
available actions at state s. An action a signifies the task
that A chooses to perform. In our case, A gets defined by
the set of tasks that are yet to be executed by the agent. The
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state transitions s → s′ due to action a are assumed to be
completely deterministic.
Transition Cost: In this work, we will refer to reward as
a negation of cost. Hence, our formulation will refer to the
IRL problem of maximizing reward as minimizing cost. We
define the policy of the agent as to follow a minimum cost
sequence for performing the Ni tasks. In a standard inverse
reinforcement learning problem, the cost for transitioning to
a state gets defined as a linear function of weights w and
an array of feature values ϕ that is dependent only on the
current state of the agent [28]. The nature of the sequencing
problem that we study in this work is such that the feature
array is a function of the state s and action a. Additionally,
as per H, there might be certain feature pairs in the feature
array that might interact with each other.

Therefore, we define the cost of transition for A by Eq. 1,
where ϕ(s, a) = {ϕ1, ϕ2, ..., ϕn} is an array of feature values
that are dependent on state transitions. The set of interacting
features for a subset of feature values from ϕ(s, a) is de-
noted by ϕint(s, a) = {(ϕi · ϕj)1, .., (ϕk · ϕl)m},∀i, j, k, l ≤
n, i ̸= j, k ̸= l. The total number of feature interactions
suspected by the expert H is m. In our formulation, non-
linearity is introduced by ϕint(s, a) . We will denote our
unified weight array as w = {w⌢wint}, that is a concate-
nated array of the linear feature weights w and the interacting
feature weights wint.

c(s, a) = wTϕ(s, a) + wTintϕint(s, a) (1)

w, ϕ ∈ Rn,∀ϕ : s ∈ S, a ∈ A
wint, ϕint(s, a) 7→ Rm

Learning Performance-based Preferences: The human
expert H demonstrates a desired sequence ξ∗ on a sample
tool. The agent A has access to d demonstrations, each on
different tools. We define the demonstration dataset as D =
{δ1, δ2, ..., δd}, where δi = {ξ∗i ,Fi, Ni}, Fi is the feature
information for ith demonstration tool from which ϕ is
computed. Furthermore, the expert H also gives information
about the interacting feature set ϕint for the demonstration
dataset D. Now as described earlier, the agent has to solve
the following problem:

C(ξ∗i ) ≤ C(ξ
j
i ),∀ξ

∗
i ∈ D,∀ξ

j
i ∈ Pi 7→ Rp (2)

where, C(ξi) = wTΦ(ξi)

Φ(ξi) : {
Ni∑
k=1

(ϕ(sk, ak)
⌢

Ni∑
k=1

ϕint(sk, ak)}

In Eq. 2, C(ξi) is the total cost incurred by the agent for
following a sequence ξi. We define Pi as the set of all
possible sequences for the ith tool. Φ(ξi) is an array of
sum of individual feature values and interactions for the state
transitions in sequence ξi. Thus, we find a weight array w∗

by solving Eq. 2 such that the expert demonstrated sequence
ξ∗i is the lowest cost sequence for all the corresponding tools
in D.
Learning Effort-based Preferences: The feature values
used for the problems discussed in Section I are geometric

features of the tool. Thus, for a given demonstration in D,
there might be several sequences with equivalent feature
arrays due to the symmetry of the tool. These equivalent
sequences (ξei ) will have identical cost to the user demon-
strated sequence (ξ∗i ). We formulate this feature equivalence
property by Eq. 3.

Φ(ξ∗i ) ≡ Φ(ξei ); ξ
e
i ∈ Ωi,∀i ∈ {1, ..., d} (3)

where, Ωi is the set of sequences for ith demo that exhibit
the equivalence property in Eq. 3. However, as discussed in
Section I, the expert H might prefer specific sequences in
Ωi due to their effort-based preferences. H might choose
sequences that start at a specific task and end at a specific
task to improve their ease of operation. In this case, H is
queried to compare their preference for the equivalent se-
quences in relation to corresponding ξ∗i ’s in D. The objective
is to learn a preference penalty function η such that the
preferred sequences ξprefi have the lowest penalty. Hence we
can formulate the effort-based preference learning problem
as follows:

η(ξprefi ) < η(ξji ), ∀i ∈ {1, ..., d},∀ξ
j
i ∈ ψi,∀ξ

pref
i ∈ ψ∗

i

(4)
where, η(ξ) = wTz z(ξ); and z(ξ) are effort-based preference
features for an arbitrary sequence ξ. We denote, ψ∗

i ⊆ Ωi
as the set of preferred sequences, and ψi ⊆ Ωi as the set of
unpreferred sequences s.t. ψ∗

i ∩ ψi = ∅. It is important to
note that adding z(ξ) in learning the weights w in Eq. 2 would
not be appropriate as z(ξ) will change based on external
factors mentioned in Section I. In situations when the expert
has no preference between the demonstrated sequence and
any other equivalent sequence ξe, we do not need to learn the
preference penalty η(·). We can set the value of η(ξ) = 0,
for any arbitrary sequence ξ.
Feature Interaction Coverage in Demonstrations: In order
to learn the expert’s preferences, the demonstrations need to
be informative with respect to feature interactions. Assuming
access to enough demonstrations that can capture all levels of
feature values and feature interactions for the transitions in
ξ∗ is impractical. We propose feature interaction coverage as
a metric that assesses whether the dataset D enables learning
of these interactions. This metric can then be used to query
the expert for more informative demonstrations if needed.
We represent this metric as ρ(·) and define it as follows:

ρ(D) ∝ κ({ϕ, ϕint}) (5)

where, the function κ(·) computes the overall extent of
coverage of ϕ and ϕint. Thus, using ρ(·), we should be able
to query H to ask for specific demonstrations that improve
feature coverage. IV. METHOD

In the previous section, the formulation that we proposed en-
genders three main problems: (1) Learning H’s performance-
based preference, (2) Learning effort-based preferences, and
(3) Feature interaction coverage. The entire framework is
depicted in Fig.2. We build upon the structured max-margin
approach outlined in [13] to solve the proposed problem.
Section. II gives the reasoning for selecting margin-based
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IRL methods for our approach. Before we commence learn-
ing performance and effort-based preferences, we evaluate
the extent of feature coverage in the demonstration data.
Once we have enough coverage of feature values, we proceed
with learning. Subsequently, we define a graph-based state
space representation for each demo tool in D. Then we
introduce our iterative max-margin approach with an active
learning element for diversely sampling the training data and
a cost function designed to solve the problem in Eq. 2.
A. Estimating Feature Interaction Coverage
To solve the feature interaction coverage problem we em-
ploy a 2-factor factorial design of experiments technique
to capture feature values and feature interactions on three
levels: high, medium, and low. For each interaction level,
we count the instances such that the remaining feature values
are uniformly distributed. We use the standard Chi-squared
test for determining whether the features are uniformly
distributed with an α value of 0.05 [29]. Once we ensure
uniform distribution, we compute a confidence metric of D
for capturing all expected interactions according to Eq. 6.

ρ(D) = no of interactions captured
total number of interactions possible

(6)

Based on the interactions that are weakly captured, we
query the expert H to provide demos with a specific feature
interaction value. This helps in improving the ρ(·) value of
the dataset as shown in Section VI.
B. Graph-based State Sequence Representation
After obtaining D with sufficient feature value coverage, we
represent the state space (Si) for every demonstration in D
in the form of a separate graph Gi,∀i ∈ {1, ..., d}. Where
each node/vertex v in the graph is a state s, and each edge
e is the cost incurred to transition between states s → s′.
Therefore, each demonstration δi ∈ D has a corresponding
Gi.

In Gi, we use a one-hot vector of size Ni to encode each
node, where the completed tasks are represented as 1’s and
incomplete tasks are represented as 0’s. We define sstart as
a state node for which none of the tasks are completed by A
and send is the state node when A has completed all the tasks
for a given tool. Naturally, sstart becomes a vector of 0’s of
size Ni and send becomes a vector of 1’s of size Ni. Thus, an
arbitrary sequence ξi for Gi becomes the path traversed from
sstart to send. As discussed, our objective becomes to learn
w∗, such that ξ∗i will be the shortest cost path from sstart to
send for all the corresponding Gi’s. For a demonstration with
N tasks, there are a total of N ! possible sequences, which
necessitates a specialized approach for learning w∗.
C. Loss function for performance-based preferences

The Quadratic formulation, as described in [13], is the most
commonly used method to formulate the max-margin prob-
lem. Such a formulation with constraints becomes inefficient
to optimize when we have a large number of sequences
with cost values significantly higher than the lowest cost
sequence [30]. After computing the cost of a random sample
of sequences, we found that 55% of sequences still had a
cost value 70 times higher than the lowest cost sequence.

Therefore, we resort to an online cost function where the
constraints are absorbed into the objective function itself.
Our unconstrained loss function is as follows:

L(w) = 1

d

d∑
i=1

[
αi
pi

pi∑
j=1

(wTΦ∗
i − wTΦji ) +

βi(wTΦ∗
i −min

Φj
i

(wTΦji )) + γi (wTΦ∗
i −wTΦsi ) ]+λ||w||2

(7)
In Eq. 7, αi, βi, γi, are hyperparameters and λ is regular-

ization term. Φ∗
i represents the feature array for the user

demonstrated sequence ξ∗i in D. To train the model, we
generate an initial sample of sequences xi ∈ X 7→ Rpi
of size pi for ith demo, as per Section IV-D. For the
initial sample xi, minΦj

i
(wTΦji )∀j ∈ {1, .., pi} returns the

cost value for the lowest cost sequence in xi. The feature
array for the overall minimum cost sequence ξsi of the
corresponding Gi is denoted by Φsi . We minimize this loss
using a generalized version of gradient descent based on sub-
gradients [31]. Section VI gives an intuition of every term
in Eq. 7.

D. Learning performance-based preference
The state space of the proposed problem experiences rapid
complexity growth due to the problem’s combinatorial na-
ture. For a given Gi there are overall Ni! possible sequences.
Hence, solving this problem with one-shot optimization can
be inefficient. To address this challenge, we adopt a solution
that begins with a nominal sample size pi drawn from the
entire population of sequences for the ith demonstration.
However, random sampling may result in a poor repre-
sentative sample, particularly when many sequences have
equivalent feature values (see Section III). To generate a
diverse initial sample, we use a similarity metric based on
cosine similarity between feature values of a given sample
ξ and expert-demonstrated sequence ξ∗. We then iteratively
update this sample set with sequences that have costs below
a certain threshold compared to ξ∗ as described in Algorithm
1.

Algorithm 1 takes the demonstration dataset D as input.
Using Fi we compute the feature array ϕ(s, a) and initialize
the corresponding graphs Gi for each demonstrations in D
with w. We generate an initial sample data X by performing
cosine similarity-based diversity sampling. This sample helps
max-margin to appropriately scale the cost of the sequences
that are truly bad compared to the good ones. Since our initial
sample size is a small representation of the entire sequence
population, we perform learning in an iterative manner.
After every iteration, we compute the first Ki shortest cost
sequences and query H to compare if they are similar to
ξ∗i . We then update the sample space X with non-similar
sequences for all δi ∈ D. Using such an iterative update and
starting with a diverse sample helped us converge faster [32].

E. Learning Effort-based Preference

Algorithm. 2 depicts how we learn a penalty function based
on Eq. 4. This penalty function is trained based on posi-
tional feature values of the starting and ending regions in
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Algorithm 1: Performance-based Preference Learner
Input: D
Initialize:
w: Random Initialization
ϕ(s, a): Compute ϕ(s, a) ∀δi ∈ D
Gi: Initialize Gi = (v, e) with w; ∀δi ∈ D
αi, βi, γi: Hyperparameters
pi: Initial sample size for ith demo in D
Ki: Dataset update parameter for ith demo in D
ζ: Learning Rate
T : Total Number of Iterations
t = 1: Current Iteration Count
GenerateSample:
X : x1, x2, ...., xd;xi 7→ Rpi ,∀i ∈ {1, .., d}

1 while (not converged) do
2 while t < T do
3 Compute(C(ξ∗i ),∀i ∈ {1, .., d})
4 Compute(C(ξji ),∀i ∈ {1, .., d},∀j ∈

{1, .., pi})
5 Compute (C(ξsi ),∀i ∈ {1, .., d})
6 Compute Loss: L(w) as per Eq. 7
7 Compute Subgradient g of L(w)
8 w← w− ζg
9 reinitialize Gi, ∀i ∈ {1, .., d} with updated w

10 t← t+ 1

11 if (C(ξ∗i ) == C(ξsi ),∀i ∈ {1, .., d}) then
12 converged = True
13 else
14 Compute Ki shortest cost sequences in

Gi, ∀i ∈ {1, .., d}
15 Query H to check for similarity between the

Ki sequences and demonstrated sequence
16 update X with non-similar shortest cost

sequences
17 t = 1

18 return w

a sequence ξ. A simple quadratic loss function gave us the
desired results as follows:

L(wz) =
λz
2
||wz||2 (8)

s.t.∀i, j max
ξi∈ψ∗

η(ξi) + ϵ < min
ξj∈ψ

η(ξj)

where, ψ∗ is a set of sequences that are preferred by H
and ψ is a set of sequences that are not preferred by H. ϵ is a
slack variable. When the expert equally prefers all equivalent
sequences i.e. ψ = ∅, we set η = 0 for all sequences.

V. DATA COLLECTION

We evaluate our method on the composite prepreg layup
process. Previous work [33] showcases how this process is
performed in a sequential manner, where the task of the agent
is to conform the sheet region-by-region on top of the tool.
Our dataset comprises of two categories: 1. Real Dataset
(Dreal) and 2. Synthetic Dataset (Dsyn). Dsyn is a simplified
version of Dreal. We use Dsyn for model evaluation and
ablation studies, whereas Dreal is used for training our model

Algorithm 2: Effort-based Preference Learner
Input: D
z(ξi): Positional features for a sequence ∀δi ∈ D
Q : {Ω1,Ω2, ...,Ωd}.
Initialize:
wz: Random Initialization
ψ∗ = []: Set of preferred sequences,
ψ = []: Set of unpreferred sequences,

1 for Ωi in (Q) do
2 ψ∗.append(z(ξ∗i ))
3 for ξj in (Ωi) do
4 preference = evaluateHpreference(ξ∗i , ξj)
5 if preference then
6 ψ∗.append(z(ξj))
7 else
8 ψ.append(z(ξj))

9 if (len(ψ) == 0) then
10 wz = 0
11 else
12 Learn wz using max-margin approach with L(wz)

as the loss function (Refer Eq. 8)

and performing physical robot experiments. Dreal consists
of industrial tools used in the layup process (Refer Fig. 3).
Overall we have 10 tools each in Dreal and Dsyn. We use
a clustering algorithm based on feature attributes such as
curvature, relative height, and aspect ratio of the tool [34]
to transform the given tool’s CAD into local regions. We
then record the expert’s desired sequence on all the tools
in Dreal. In this case, we use a total of 10 feature values
that are selected after consulting with the process expert for
learning performance-based preferences1. The process expert
also provides information on pairwise feature interactions. In
our case the expert suspected interaction between the relative
height and curvature of a region, as well as region orientation
and curvature.

We validate the effectiveness of our model in generating
high-quality parts by conducting physical robot experiments
on two tools selected from Dreal, as illustrated in Fig.
3. During the execution of the layup task on these tools,
we record the expert’s motion and force data. To capture
the force data, we design a custom handheld tool with an
embedded force sensor. The motion of this tool is tracked
via an OptiTrack motion capture system with an accuracy of
±0.1mm.

VI. RESULTS
We perform ablation studies for our loss function on Dsyn
by setting a known weight value wsyn. The weight array
wsyn represents a hypothetical human preference. We then
evaluate the shortest cost sequence and try to recover wsyn.
We use a 6:4 training to testing split for Dsyn and Dreal. For
Dreal, we train our model and perform robot demonstration
on a testing tool.

1note: Due to space constraints we will not de-
scribed every feature in detail. Refer to our website:
https://sites.google.com/usc.edu/irlfortasksequencing
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Fig. 3: Two tools are selected from Drealfor collecting
human motion data and then the robot performs the same
process. The tool on the left is used for training and the tool
on the right is used for testing.

Performance-based Preference Learning Results (Dsyn):
Fig. 4 illustrates how every term in our loss function in
Eq. 7 has an impact on performance. The average term
with α hyperparameter helps in penalizing bad sequences by
ensuring a good spread of cost values for sample sequences.
The min term for the training sample with β hyperparameter
helps in effectively penalizing sequences that are close to
demonstrated sequence when we update the initial sample.
Lastly, the shortest-path sequence term with γ hyperparam-
eter helps us achieve convergence in a smaller number of
updates.

Fig. 4: In the absence of the α term, other sequences were
not appropriately scaled despite ξ∗ being the lowest cost.
The β term scaled the minimum cost data points properly
after iterative updates, as seen from the shift in cost of red
dots in Update Number 1 and 2. The γ term required more
update steps for convergence. The y-axis violations represent
the number of training demonstrations where the desired
sequence was not the lowest cost.
Effort-based Preference Learning Results (Dsyn): Fig. 5
shows that initially, the cost for all equivalent sequences
for an example tool is the same for a learned weight array
w∗. Eventually, the learned η levied an appropriate penalty
for the sequences that were less preferred by the expert. In
our implementation, we use the normalized coordinates of
tool’s individual region centroids as the positional features
for learning. In the example in Fig. 5, the expert had a
starting preference at a region to the right of the tool.

Fig. 5: Note that C(ξ) is normalized. Also we scale the costs
such that η for ξ∗ is 0.

Feature Interaction Coverage Results (Dsyn): In order
to evaluate feature interaction coverage, we perform a study
where we select different sets of tools from Dsyn and assess
their influence on ρ.

Set of Tools {1,2,3,4,5,6,7,8,9,10} {1,6,7,8,9,10} {2,3,4,6,7} {1,2,3,4,5}
Value of ρ 1.0 0.9 0.5 0.4

TABLE I: Set of Tools means a subset of the 10 tools from
Dsyn. First column is for all the tools in Dsyn. We can see
as we vary the dataset, ρ value changes indicating varying
feature interaction coverage. For more info on tools: website

Robot trials (Dreal): We train the model on 6 tools from
Dreal and test them on 4 tools. We used one of the tools
on which we recorded expert’s motion and force data for
training and the other one for testing. We trained on a simpler
tool and evaluated our model on a complex tool. We executed
the robot with motions learned from the human motion data
for the sequence generated for the testing tool. To test the
effect on part quality, we scanned the human laid-up part and
robot laid-up part and computed the error between the two.
The error was 0.7 mm (± 0.026mm) which is acceptable
for the mentioned process [35]. The demonstration data had
a ρ value of 1.0, depicting that feature interactions are
captured at all levels. Our model evaluated well on both the
training and testing datasets, with the demonstrated sequence
consistently yielding the lowest cost for all tools in Dreal.

VII. CONCLUSION

We showed that our framework can learn the expert’s policy
for task sequencing in a complex manufacturing process. Our
results demonstrate that our cost function builds robustness
in learning the model weights, and that the feature inter-
action coverage metric can aid in evaluating the quality of
demonstration data. By learning weights that prioritize the
expert’s sequence, our method was able to achieve the lowest
cost for all demonstration tools in both real and synthetic
data. Furthermore, we have shown the benefits of decoupling
performance and effort-based preferences.
Acknowledgement: This work is supported in part by Na-
tional Science Foundation Grant #1925084. The opinions
expressed are those of the authors and do not necessarily
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