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Abstract—The integration of large language models (LLMs)
with control systems has demonstrated significant potential in
various settings, such as task completion with a robotic manip-
ulator. A main reason for this success is the ability of LLMs
to perform in-context learning, which, however, strongly relies
on the design of task examples, closely related to the target
tasks. Consequently, employing LLMs to formulate optimal
control problems often requires task examples that contain
explicit mathematical expressions, designed by trained engineers.
Furthermore, there is often no principled way to evaluate for
hallucination before task execution. To address these challenges,
we propose DEMONSTRATE, a novel methodology that avoids
the use of LLMs for complex optimization problem generations,
and instead only relies on the embedding representations of
task descriptions. To do this, we leverage tools from inverse
optimal control to replace in-context prompt examples with task
demonstrations, as well as the concept of multitask learning,
which ensures target and example task similarity by construction.
Given that hardware demonstrations can easily be collected using
teleoperation or guidance of the robot, our approach reduces
the reliance on engineering expertise for designing in-context
examples. Furthermore, the enforced multitask structure enables
learning from few demonstrations and assessment of hallucina-
tions prior to task execution. We demonstrate the effectiveness
of our method through simulation and hardware experiments
involving a robotic arm tasked with tabletop manipulation.

I. INTRODUCTION

Optimization-based control strategies, such as model pre-
dictive control (MPC), have demonstrated great potential in
robotics for solving complex tasks in constrained environ-
ments. However, their design can be challenging and require
extensive domain knowledge. Recent studies have addressed
this issue by leveraging large language models (LLMs) to
reduce the manual tuning effort and enable human-robot
communication through natural language. One approach is
to directly use a pre-trained LLM to determine low-level
robotic actions from a natural language prompt [1, 2, 3]. This
approach typically requires extensive fine-tuning since LLMs
often struggle with spatial reasoning tasks [4]. Moreover,
it lacks the constraint satisfaction guarantees of advanced
control approaches. Another approach is to leverage LLMs
for optimal controller design, where the LLM formulates all
or some elements of the optimal control problem (OCP),
either as code scripts [5, 6, 7] or mathematical expressions
[8, 9, 10]. While these approaches offer a more principled
path toward robotic control via natural language commands,
they are hindered by current limitations of LLMs. In par-
ticular, given the high sensitivity of LLMs to the prompt,

current approaches require highly tuned in-context examples
from skilled engineers, which defeats the purpose of using
language to ease communication with robots. In this paper,
we propose DEMONSTRATE, a novel way to interface LLMs
and controllers that mitigates this issue. To do so, we build
upon the NARRATE pipeline [11], where an LLM is used to
map a language utterance to a set of objective and constraint
functions for an OCP. However, rather than assuming access to
highly optimized example prompts, as done in [11], we assume
access to a collection of robotic demonstrations for various
low-level sub-tasks. We then achieve comparable empirical
success-rates to [11], by using these demonstrations to form
a mapping from embeddings of natural language descriptions
for the sub-tasks to the functions describing the OCP. Doing
so frees the LLM from the complex task of directly generating
the OCP, and provides a novel quantitative way to assess
hallucinations before the task is executed. Moreover, since
only embedding representations are required, computation of
the mapping output is significantly more efficient than relying
on LLM generations. This is achieved via the following two
key contributions.

o First, we show how to leverage approaches from the
field of inverse reinforcement learning (IRL) and inverse
optimal control (IOC) [12], to learn the objective and the
constraints from the provided manual demonstrations.

o Second, we build upon the observation that useful in-
context examples are relevant to the task at hand and
leverage this idea through the concept of multi-task
representation learning [13, 14].

In particular, we employ multi-task representation learning
to make task-similarity, which is often not well-defined and
handled by the intuition of an expert, systematic and ensure
similarity of target and example tasks by construction. Fur-
thermore, we use the available demonstrations to extract com-
pressed features of objective and constraint functions and map
the embedding space to this shared feature representation. In
this way, our architecture can perform zero-shot generalization
to new tasks described in natural language.

II. RELATED WORK

The use of large language models (LLMs) for control has
been successfully applied across various domains, ranging
from autonomous driving to robotic manipulation and actu-
ation [1, 15, 11]. To achieve optimal performance, typically
one of two strategies are applied: adaptive reasoning or precise



prompting. In adaptive reasoning, as demonstrated in [15], the
LLM is used not only to break down tasks into sub-tasks
and design optimization-based controllers but also to provide
corrective feedback during execution. Alternatively, precise
prompting involves crafting specific, task-relevant prompts,
as seen in [11, 1, 16]. These prompts can be categorized
into two types: visual [16] and textual [11, 1]. However,
creating effective textual prompts often requires expertise
from skilled engineers or the integration of a well-tuned
controller. The quality of these prompts has been shown
to significantly impact the performance of LLM-based con-
trollers [17, 18, 19]. The sensitivity of LLM performance
to prompt design has been mitigated through various prompt
optimization techniques. For instance, automated methods like
autoprompt [20, 21] and reinforcement learning (RL)-based
prompt optimization [22, 23] have been developed to refine
prompts systematically. In cases where prompts are manually
designed [1, 24], the issue of response sensitivity to user
commands has been addressed using uncertainty quantification
techniques [25]. These methods classify user commands based
on their clarity, enabling the LLM to assess the reliability of
its responses. Furthermore, such uncertainty quantification can
empower the LLM to proactively seek assistance when faced
with ambiguous or unclear inputs [26].

III. PROBLEM STATEMENT

In this section, we present the problem of interest and the
proposed concept, which is then detailed in Section IV.

A. Problem Setup

Given a robotic system, the goal is to complete a task P de-
scribed in terms of a natural language command, denoted ¢p.
A prominent approach in the literature is to convert ¢p into
multiple target sub-tasks 7, described with a natural language
command /., which allow for the translation into an OCP,
solved via an MPC [27] at each time step k:
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Here, (k) € R" is the state and u(k) € R™ is the
control input, equation (1b) captures the dynamics of the
robot, and ¢, (-) and X, represent the cost and constraint set
for task 7, respectively. While LLMs have shown promising
performances in the division of complex tasks into smaller
subtasks, in this paper we address the question:

How can we systematically and reliably map a given natural
language utterance (. to the OCP representation in (1) with
the appropriate ¢, and X;?

Recent work (NARRATE) [11] addresses this problem by
relying solely on the capabilities of current LLMs to map lan-
guage utterances describing the task 7 into their corresponding
mathematical expressions, ¢, and X;. To do this, a language
model L takes as input both (i) the language command ¢, and

(ii) a system prompt p,, and outputs a symbolic cost function
and a set of constraints: (¢,, X;) = L(¢,p,). The system
prompt p, is a string of text that consists of 7' in-context
examples that associate a natural language prompt ¢, with
the cost ¢; and constraint set X} for each example sub-task
t =1,...,T; ie., for each example sub-task ¢, the prompt
p- contains a 3-tuple of the form (4, ¢, X;). Three important
issues arise with this approach:

1) Access to adequate in-context examples requires tech-
nical expertise to appropriately design the cost and
constraints functions, which is often not available.

2) Significant sensitivity to the prompt: slight modification
in the prompt can lead to very different success rates.

3) There is no principled way of assessing hallucinations
of the language model before task execution.

In this paper, we study the problem of how to set up
OCP (1) as specified through natural language commands,
when no direct in-context examples are available. Instead,
we assume access to demonstrations from either a human
user or an existing controller that successfully completes T
sub-tasks, each paired with a natural language description Iy
(with t = 1,...,T). We show how learning from demon-
strations of various sub-tasks paired with pre-trained language
embedding models and enforcing a particular structure of
OCP (1) bypasses the need for in-context examples of OCPs
corresponding to a language description of a sub-task and
allows for hallucination detection prior to task execution.

B. Approach

To address the aforementioned challenges, our approach
relies on two innovations. First, we leverage tools that allow
for the construction of an OCP from successful demonstrations
of sub-task examples. Second, we systematically ensure that
sub-task examples are closely related to potential target sub-
tasks, by sharing a common mathematical representation for
the OCP. More specifically, we harness the following concepts.

a) Learning from Demonstrations: Demonstrations con-
sist of state and action measurements over the course of a
trajectory, i.e., (x,u) := (xg,...,ZN,Uo,...,un—1). Given
a collection of (potentially suboptimal) demonstrations of an
example sub-task ¢, they can be used to learn an objective
function ¢, e.g., with so-called entropy maximization methods
[28, 29], as well as the constraints space X}, via the construc-
tion of constraint violating input sequences [30, 31].

b) Multitask Embedding Mapping: Good choices of in-
context example sub-tasks (or demonstrations) carry similarity
with potential target tasks. We use this concept in two ways.
First, we take advantage of the resulting structure of the
language description representation of these sub-tasks in the
embedding space. Second, we define a task space S such
that for all ¢ € S, with ¢ representing either a target sub-
task 7 or an example sub-task ¢, c; and A7 enjoy a specific
mathematical structure that can be parameterized via feature
vectors and enforces structural similarities between example
and target sub-tasks.
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Fig. 1: A. Offline pipeline: (a) A user provides sub-task descriptions together with trajectory demonstrations; (b) the LLM
computes the embedding vectors for the sub-task descriptions; (c) the demonstrations and the embedding vectors are used
to learn (i) a parametric mapping, and (ii) the multitask parameters, both used in the online pipeline. B. Online pipeline:
Architecture of [11], with an added SV Module and modified OD. The LLM is used to find the embedding representation of
the language commands from TP, which are fed into the parametric map to compute the feature vector used in the TG block.

DEMONSTRATE proposes an interface between LLMs and
optimal controllers that builds on and augments the existing
architecture of [11]. The resulting pipeline is shown in Fig. 1.
By using a learning-from-demonstrations approach, the user is
able to directly provide example sub-task descriptions together
with demonstrations, removing the need for technical expertise
to create prompt examples in mathematical terms. Moreover,
the multitask approach allows for enhanced robustness by
explicitly leveraging the structure of sub-tasks that share a
common task space & and accordingly, common features
describing their representing OCPs. By only altering the
parametrization of these feature vectors while keeping the
remaining structure of the OCP fixed, we ensure a common
representation of example and target sub-tasks. Therefore,
it becomes possible to directly learn a parametric mapping
M between the embedding vectors of the natural language
commands and the parametrization of feature vectors describ-
ing the task. Hence, generalization to unseen tasks in S is
achieved online via this trained map, alleviating the LLM from
complex symbolic function creation. During generation, the
parametric mapping M is employed to generate new feature
combining parameter vectors of the output sub-task, which,
are guaranteed to fall within the pre-defined task feature space,
thus mitigating the risk for LLM hallucinations. Additionally,
this structure can be used as a correctness assessment by
evaluating the similarity between the embedding vector of the
generated target and the available example sub-tasks.

IV. MULTI-TASK DEMONSTRATION LEARNING FOR
LANGUAGE TO CONTROL

In this section, we provide a detailed description for the
different blocks in the proposed pipeline (Fig. 1). The com-
ponents of the offline pipeline are discussed in the first
subsection, while the adaptation of the online pipeline from
[11] is discussed in the subsequent subsection. Further details

on the implemented approaches in the offline pipeline are
presented in the Appendix A.

A. Offline Multitask Learning From Demonstrations

The proposed offline pipeline has two main steps: (1) proper
design and collection of demonstrations, and (2) learning from
collected demonstrations.

1) Demonstrations design and data collection:

a) Demonstrations design and multitask setting: Inspired
by multi-task learning approaches [13, 14], example and
target sub-tasks are assumed to share a common mathematical
description S. In particular, for every sub-task ¢ € S, we
assume the cost ¢z(-) and the constraint set X7 in (la) and
(1d) are of the form:

ci(z,u) = 0l p(x,u, mg), (2a)
X C{z,u s.t. gj(x,u,pp) <0,Vj=1,...,J}, (2b)
for some parameter vectors y € RP, my € R, and

pr € R%. The maps g(-),¢(-) € C! are design choices and
ideally parametrized on the basis of feature vectors that capture
both target and example sub-tasks. To avoid the necessity of an
expert, examples of ¢(-) and g(-) can be pre-implemented in
the pipeline, ranging from tailored collections of parametrized
norms and Gaussian Process [32] approximating trigonometric
functions for ¢(+), to half-spaces and ellipsoids for g(-). Math-
ematically, we capture the multitask assumption as follows:

Assumption 1: All demonstration and target tasks belong to
S as defined by the cost and constraint set (2), where mg, =
mg, and p;, = p;, for every pair t1,t5 € S, i.e., all tasks in
S share the parameter vectors m and p. Task-specificity is
defined via 6.

b) Data Collection: For each demonstrated sub-task ex-
ample t1,...,tp, we suppose that the demonstrator provides
several trajectories, each consisting of a sequence of states
and inputs (x,u), which we assume to be near-optimal,



similar to previous work for demonstration learning [29].
Given that the joint estimation of ¢, () and X, is difficult
and often ambiguous, we resort to state-of-the-art techniques to
carry out cost and constraint estimation independently. Hence,
for each sub-task example demonstrations, ¢;, we collect D
demonstrations where the optimal trajectory is not influenced
by avoiding the unsafe region X, i.e., the complement of
X, as well as D demonstrations where the optimal trajectory
is influenced by avoiding the unsafe region X;. While the
former demonstrations are indicated with (%, 1), (), where
ti(d) with d € [1,..., D] represents the d trajectory sample
for task t; and the hat notation indicates sub-optimality, the
later demonstrations are denoted as (%, ﬁ)fi( a)° respectively.

2) Learning from demonstrations:

a) Learning of cost function and parametric mapping:
This step jointly estimates the cost parameter m in expression
(2) and the parametric mapping M, both to be used in the
online pipeline. It is comprised of two sub-steps, the principal
component extraction of embedding vectors and the learning
of the unknown cost and mapping parameters, which are
detailed in the following.

Principal component extraction: The embedding vector
representations for the descriptions of the T sub-task exam-
ples, satisfying Assumption 1, are computed using a trans-
former architecture [33, 34]. These embeddings, denoted as
ey, ...,er, typically reside in a high-dimensional space (R?,
where s > 300). However, since our focus is on the dimen-
sions that exhibit significant variation across sub-tasks, rather
than capturing the full semantic content of each sentence, we
can often represent them in a much lower-dimensional space.
Therefore, we compress the embeddings, obtaining €1, ..., ér
and hence, reduce the number of demonstrations required to
learn the parametric mapping in the subsequent step.

Learning of the unknown parameters: Once the princi-
pal component embedding vectors é€1,...,ér are computed,
the joint estimation problem leverages the demonstrations
(%X,1);(q) and tools from IRL to jointly learn the parametric
mapping function M that maps from the compressed embed-
ding vector é; to the task specifying feature selection vector
07 whose structure is pre-determined and parametrized via the
parameter vector ¢, i.e., M : q,éz — 0z, as well as the cost
parameter m, shared among all tasks in S.

b) Learning of constraints: Provided a cost function c¢(-);
has been learnt for example sub-task ¢, it is possible to use
the demonstrations (X, ﬁ)f( ) avoiding an unsafe region X,
to learn its over-approximation and consequently estimate the
parameter vector p of a parameterized constraint description
g((x,u),p) <0 as in expression (2) that under-approximates
the safe region A;.

B. Online Robotic Control

In what follows we briefly describe the components of the
proposed online pipeline.
1) Language Module:

a) Task Planner (TP): This block receives from the

user a natural language command to perform a complex task

P. Using a pre-trained LLM, it outputs a list of sub-tasks
T1,Ta, ... to be executed sequentially to fulfill the command.

b) Sub-task Validation: This block ensures that the sub-
tasks output by the task planner are sufficiently similar to
the example sub-tasks which have been provided by the
demonstrator. This comparison is performed by embedding
each entry in the list of sub-tasks, and verifying that these
embeddings are similar to the embeddings of the example sub-
tasks. Let eg,, denote the full-dimensional embedding of a
sub-task output by the task planner, and let ey, ..., er denote
full-dimensional embeddings of the demonstration sub-tasks.
Then the sub-task validation test verifies that for each sub-task,

eT] f €sub

H[el eq... ’gv, 3)

where v is a user-defined threshold. This check is motivated by
characterizations from multi-task learning [35] which measure
task relatedness via the coverage coefficient between the target
task and the space spanned by the source tasks.'

c) Optimization Designer (OD): This block sequentially
receives each of the sub-task embedding vectors e,,, passing
the sub-task validation, and passes it through the precomputed
parametric mapping to obtain 0.

2) Control Module:

a) Trajectory Generator (TG): This block receives the
parameter vector 6, computed by the OD. It solves for an
optimal trajectory via an MPC scheme (1), with cost and
constraint sets structured as in expression (2) and parameters
m and p extracted from the offline computation.

b) Trajectory Tracker (TT): This block receives the tra-
jectory generated by the TG, and maps it to low-level actions
for the given hardware, i.e., torque inputs applied to the motors
of a robot, etc. Further details are provided in [11].

V. EXPERIMENTS

The proposed pipeline has been extensively tested in sim-
ulation, and its effectiveness has been demonstrated on a real
robotic setup. The chosen environment, as well as the obtained
results, are detailed in the following subsections.

A. Environment

The efficacy of DEMONSTRATE is evaluated using the cus-
tom simulation environment of [11], integrated into PandaGym
[36]. It consists of a seven-axis robotic arm (Franka Panda)
on a table. We consider three environments, denoted with
“Cubes”, “Sponge”, and “Drawer”. In “Cubes”, there are four
randomly placed cubes of different colors, i.e., green, blue,
red, and orange, in “Sponge”, there is a pan placed on a
table with a sponge next to it, and in “Drawer”, there is a
cabinet with a drawer set on the table. “Sponge” and “Drawer”
are used in simulation only, while the “Cubes” environment

Tn the multi-task literature, the relatedness would be measured by the
distance of the weights on the shared basis 67. However, in our setting these
weights are output by a neural network mapping the language embeddings to
the weights. As this network is trained on the demonstrated sub-tasks, outputs
from any embedding tend to be mapped to weights which are similar to the
weights for the demonstrated sub-tasks.



is used for both, simulation and hardware experiments. An
illustration of the environments is given in Figure 3. The
“Drawer” environment has not been present in the baselines’
simulation environment but was added to test the sub-task
validation, as well as explore and demonstrate the limits of
generalization. It is hence not part of the baseline comparison.

B. Experiment Design

In this section, we detail the target tasks, designed to test
our newly proposed pipeline.

1) Target tasks of online pipeline: In all four environments,
we execute pick and place movements with different objects,
belonging to a common task space S. The state of the object
and the robot are known throughout the experiment. In the
“Cubes” environment, we conduct three different experiments.
Task one is described as “stack all cubes” and is considered
successfully solved if all four cubes are stacked on top of each
other, task two as “build a pyramid with two cubes at the base
and one at the top”, and the third task follows as “write the
letter L flat on the table”. In the “Sponge” environment the
robot arm is tasked to “grab the sponge and clean the plate with
circular movements”. Finally, in the “Drawer” environment,
the robot is asked to “open the drawer x cm”. Each of these
tasks is composed of simple sub-tasks that involve moving the
gripper some distance and bearing relative to the objects in the
scene. The language description for an example of one such
sub-task is “0.05 meters right of object one.”

2) Components of offline pipeline: We use the pipeline
with embedding vectors e; obtained from the ‘all-mpnet-base-
v2’ sentence transformer model [34]. The parametric mapping
M(q,e;) is chosen as a multi-layer perceptron regressor
with four hidden layers of 512 neurons and ReLu activation
functions. The embedding e; is projected onto 20 principal
components formed by the sub-task examples. It is trained
using 20 demonstrations for each of the 90 different sub-
tasks. Since the number of required demonstrations increases
with increasing suboptimality, we train the framework in
simulation, using a demonstrating controller, which completes
the required sub-tasks examples. The obtained results are
intended to serve as a proof of concept, for practical settings
in which real-world demonstrations would be used.

C. Benchmarking Results

The performance of DEMONSTRATE, is evaluated for
each task, with a total of 50 runs conducted. The results
are then compared against those obtained using the existing
NARRATE, VoxPoser [37], and Code as Policies [7] architec-
ture. These baseline evaluation results are from [11]. In order
to highlight the efficacy of the proposed methodology, we
determine the Success Rate (SR) and identify the underlying
causes of failure. These are categorized as follows: Task
Planner Failure (TP), Optimization Designer Failure (OD),
and Collision (CO). A task planner failure occurs when the
sub-tasks output by the task planner do not lead to execution of
the user command. An Optimization Designer Failure occurs if
the run was not successful due to an inaccurate encoding of the

sub-task into the optimization problem, meaning that the con-
trol objective is not sufficiently accurate to achieve the desired
task. In the baselines, optimization designer failures occur
due to coding errors resulting in code that is not executable.
In DEMONSTRATE, these failures arise due to insufficient
precision of the learned cost and constraint functions, such
as the placement of blocks with insufficient precision on
top of each other, resulting in an unstable and collapsing
stack. Finally, Collision is indicated when the gripper or
an object that the gripper is holding collides with another
object, resulting in a failed execution of the task. The obtained
percentages are presented in the Table I. It can be seen, that
DEMONSTRATE shows comparable or higher success rates
than the best performing base line model in all 4 tasks.

D. Sub-task Validation

While the Trajectory Generator (TG) outputs an OCP that
aligns with the designed task space S, there are still occasions
where the TP suggests sub-tasks that are not closely related
in their task description with the available sub-task examples.
The sub-task validation procedure of (3) is critical to catching
these instances. In Appendix Section B, we provide illustra-
tive examples where the sub-task validation procedure does
and does not interfere. For the proposed DEMONSTRATE
architecture in Figure 1, failure of sub-task validation results
in re-planning by the TP, up to a maximum number of tries
(set to 5 for the experiments of Table I). If the planner fails to
generate a list of valid sub-tasks within these trials, the system
refuses to attempt the task. In the experiments of Table I, the
task planner always achieves a valid list of sub-tasks within
three attempts. Re-planning was triggered twice for “Stack”
and “Pyramid”, and not at all for “L” and “Wipe Pan”.

E. Limits of Generalization

Table II shows the results of the procedure applied to
the task of opening a drawer, where the demonstration data
consisted of sub-tasks moving between 4 and 12 centimeters
to the side of an object. The results on the drawer demonstrate
that a user command asking the arm to open a drawer
to distances close to those demonstrated results in correct
movement. Asking for larger distances results in the sub-task
validation detecting the task to be “not similar enough” to the
available sub-task examples and refusing to perform it.

F. Hardware

The applicability of the proposed approach is demonstrated
through real-world experimentation, utilising a Franka Emika
Panda robotic arm and two external realsense cameras, as
illustrated in Figure 3. The effectiveness of the method is
evaluated on a subset of the previously introduced tasks,
specifically “Stack”, “L”, and “Pyramid”, relying on point
cloud estimation to extract the poses of the cubes. A sequence
of executed steps for the tasks “Stack” and “Pyramid” are
visualized in Figure 2.



TABLE I: Simulation Experiments: Comparison of DEMONSTRATE (pre-trained embedding model) against NARRATE and VoxPoser on
three tasks, 50 repetitions per experiment. We report the Success Rate (SR) for each method and the failure reason categorized into Task
Planner Failure (TP), Optimization Designer Failure (OD), and Collision (CO)

Method Stack L-Shape Pyramid Wipe Pan
| SR [%] | TP/OD/CO [%] | SR [%] | TP/OD/CO [%] | SR [%] | TP/OD/CO [%] | SR [%] | TP/OD/CO [%]
CaP 98 2/0/0 10 16/14/60 16 76/6/2 22 48/20/10
VoxPoser 26 0/26/48 0 0/24/76 16 22/24/38 48 22/24/6
NARRATE 92 6/0/2 58 30/0/12 76 0/2/22 62 34/0/4
DEMONSTRATE | 88 6/6/0 60 30/2/8 80 10/0/10 94 2/0/4
“build a pyramid with the red and green cube as the base and the blue cube at the top” | “cubes” sim ‘ ‘ “cubes” world |

N
”sponge” ‘

“drawer”

Fig. 2: Visualization of hardware execution to build a pyramid (top) and stack all
cubes (bottom). End-effector trajectories are indicated with dotted lines, whereas

pink trajectories are executed before green trajectories.

“Open the Drawer ” | +“5cm” | +“10cm” | +“15cm”

Result (cm) 5.8 8.9 Cannot perform
TABLE II: We task the robot to “Open the drawer ” finished by
either “Sem”, “10cm”, or “15cm”, and show the resulting final
position for the drawer.

VI. CONCLUSION

Contributions: We developed a new methodology that
makes use of tools derived from inverse reinforcement learning
and multitask learning in order to address the challenges as-
sociated with prompt design, prompt sensitivity and LLM hal-
lucinations in LLM-based controller design. This is achieved
by (i) utilising demonstrations instead of in-context examples
consisting of mathematical expressions and (ii) using entropy
maximization based inverse reinforcement learning to establish
a direct mapping from embeddings of natural language to
weights defining the corresponding objective function. This
avoids the use of the LLM for complex objective generations,
and instead only leverages it to establish sub-tasks which can
be composed to execute the user’s command.

Results: The results in tabletop manipulation with a robot
arm represent a proof of concept. In particular, they demon-
strate that by obtaining a collection of expert demonstrations
for a variety of sub-tasks, one can use language-conditioned
inverse reinforcement learning with a high-level task planner to
execute a diverse array of tasks. The method achieves success
rates similar to or better than previous language in controlling
approaches on a number of benchmark tasks in Section V-C;
however, it does so at the expense of poorer zero-shot general-
ization to tasks far from the collected demonstrations, shown in

e
Fig. 3: Illustration of considered envi-
ronments in simulation and real-world
experiments.

Section V-E. To prevent generalization failures, we introduce
Sub-task validation, tested in Section V-D, which prevents the
execution of tasks too different from those used for training.

Limitations: Building upon state-of-the-art methods from
inverse reinforcement learning and constraint learning, the
framework currently relies on individual demonstration col-
lection in constrained and unconstrained environments. This
is cumbersome and will be addressed in future improvements,
e.g., by including the constraints in the objective function of
the OCP. Additionally, it was demonstrated in Section V-E
that the framework does not excel in zero-shot generalization
to user commands whose sub-tasks are very different from
those demonstrated. This is part of a tradeoff inherent in
replacing the LLM used for optimization design with lan-
guage conditioned inverse reinforcement learning. Improving
generalization with the proposed framework would require
scaling up the expert demonstrations for a broader range of
sub-tasks. To move beyond the proof of concept example to a
more practically useful framework, one could separate numer-
ical information from semantic information in the sub-task
description, and process them separately. This may improve
generalization behavior of the type in Section V-E. Finally,
the framework was tested only in a proof of concept example
where it was feasible to quickly collect demonstrations in sim-
ulation in a controlled manner. An interesting avenue for future
work would be to apply the framework to more sophisticated
langauge-enabled robotic control examples, e.g. by using exist-
ing datasets of tasks performed by human demonstrators [38].
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APPENDIX A
DETAILS FOR OFFLINE COMPUTATIONS

For the blocks of the offline pipeline, we present solution
approaches that are either derived from or build upon existing
results in the corresponding domain. Note, however, that de-
pending on the intended application and future developments
in the considered field, the presented methods may be adapted
or replaced.

A. Principle Component Analysis of Embedding Vectors

To achieve the compression of the embedding vectors, we
apply Principal Component Analysis (PCA) as follows. We
stack the embedding vectors of our example tasks into a matrix
E = [e],...,er]T € RT** and center the data around
their column means, resulting in £ = F — 1,1(+ Zthl et)s
where 1, ; denotes a vector of length s filled with ones. We
then compute the singular value decomposition £ = ULV .
Finally, ordering singular values and their corresponding rows
and columns of U and V7T in a descending order, a reduction
to z principal components is achieved by Epc =U.X..

B. Inverse Reinforcement Learning for Parameter Estimation

To jointly learn the parameter vector ¢ of the parametric
mapping function M : g¢q,é — 0, as well as the cost
parameter m, we propose a formulation that builds upon
the entropy maximization approach in [29], which allows
for unknown parameter estimation in a parametrized reward
functions ¢((x,u);w) from D suboptimal demonstrations,
indicated with (%,1) for d = 1,...,D. The estimation
follows from the fact that the probability of obtaining ()4
for the given (Z¢)(4) and parameter w is

1

P((ﬁ)(d)\(fo)(d);w) = EGXP (C((Xau);w))

where we denote with Z the normalization term
Z = [, exp (c((x,u);w)) du. Resorting to the concept
of maximum entropy [28], the parameters w are defined to
maximize the logarithm of likelihood (4), which, as shown in
[29], can be approximated as

log(P((@)(a)|(Z0) (a); w))

1 _ 1 dy
~ 59&)H(d§g(d) + 5 log| = Ha)| - <~ log(27),

“4)

with ¢ = V,e((X,0)g);w) and H; = V2¢((X,0)@q); w).
Hence, the parameter estimate over all collected demonstra-
tions follows as

We extend this setup to the multi-task setting for a collection
of tasks ¢ = 1,...,7T and sum the likelihood over all available
tasks in our task-space S. We further leverage the structure in
(2) and replace the parameter vector w with the parametric



mapping M(q,e;) — 6; as well as the cost parameter m.
This results in the following optimization problem:

arg maxz Z log P((

t=1d=1

g,m = ) @) |(Z0)a); ¢, et,m),

which consequently, learning for a cost instead of a reward
function, can be approximated as

gt = 5)
D T 1 1
argmin "~ (91a) | Higdyuia) — 5 10s| — Hyga,
T d=1t=1

where Hyq) = V&Y, M(q, )" o((Tk, uk)i(ay;
)= Va2 Mg, ) T o((k, un)i(ay; m)-

C. Constraint Learning from Safe Demonstrations

m) and

Following the approach in [31], we simulate inputs at
random and keep those (X, 0);( that satisfy c;((X, 0);5)) <
e ((%, ﬁ)f( d)), and hence violate the constraints (as otherwise
they would have been attainable by the optimal solution). Ob-
taining A unsafe simulated trajectories, denoted as (X, @)} (2,a)

for a =1,..., A, the parameter p is the solution to
find p (6a)
s.t. g((i’bdk)f(d),p) <0, Vk=1,...,N—-1 (6b)
9@ )y p) >0, k=1, N=1,  (60)
vt=1,...,T,Vd=1,...,D, Ya=1,...,A. (6d)

Estimating an unsafe area X; that can be described as a
boolean conjunction of general convex inequalities, satisfiabil-
ity modulo convex optimization (SMC) can be employed [39].
For this purpose, the problem in equation (6) is reformulated
as follows:

find p,bus7bs
s.t. b( ) > 9@k, W) (), p) <0

Z dak_
b(dak) - g((xk’aﬁk)?(ia)ap) >0

Zbdak<N71

szO,...,N—l, Vd=1,...,D, Ya=1,..., A.
Where b = (b ),...,b(5 4)) € RNAD and b* =
(b}11ys---+bip ay) € RNAD define concatenations of the
boolean vectors biyy ) = (b5 .0y V(10 n-1)) € RN and

by a) = Glaaoys- -+ Vfaan_1)) € RY, which allow for the
logic assignment of each convex constraint to an individual
binary variable. Such a variable is then evaluated as one, for a
fulfilled constraint and zero for a violated constraint, making
it possible to indicate constraint violation via their summation
and finally find a combination of p, b“?, and b® that fulfills
all the constraints.

APPENDIX B
DETAILS FOR SUB-TASK VALIDATION

( 0.05 meters left of object one )—{Coverage =197 < 3.@» Proceed with task
( 0.5 meters above object one )—‘CCOVHage =6.7>3.0 >-' Do not proceed

[0.05 meters above previous ob]'ect}»(Coverage =144 > 3.@—{ Do not proceed ]

Fig. 4: Examples of sub-task validation using the coverage
coefficient computed in (3) with threshold ¢t = 3.0.

In Figure 4, we provide illustrative examples where the
sub-task validation procedure does and does not interfere,
setting the threshold v in (3) to 3.0. In the first instance,
the sub-task is of the form provided by the demonstrations,
containing a distance along with a maneuver relative to objects
one to four. In this case, the sub-task distance is below
the threshold. In the second case, a distance considerably
larger than those demonstrated is provided, and the third case
references the previous sub-task, which is not conform with
the provided annotations, both leading to a large coverage
coefficient. We provide the coverage coefficients for each
instance in an attempt to demonstrate the sensitivity of our sub-
task validation operator to the threshold value v. We show that
doubling v would result in the rejection of the same instances
as with the current threshold value.
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