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Abstract— Whenever humans and robots work together, it is
essential that unexpected robot behavior can be explained to
the user. Especially in applications such as shared control — as
the name may imply — the user and the robot must share the
same model of the objects in the world, and the actions that
can be performed on these objects.

We achieve this with a model reconciliation framework. We
use a Large Language Model (LLM) to predict and explain
differences between the robot’s and human’s mental models,
without requiring a formal model of the user. The framework
also resolves model divergence by allowing the human to correct
the robot after the explanation. We provide an implementation
in assistive robotics and conduct experiments with a real
wheelchair-based mobile manipulator and its digital twin.

I. INTRODUCTION

Whenever humans and robots work together — such as
assistive robots for people with disabilities or cobots in
industry — it is essential that unexpected robot behavior
can be explained to the user, as conveying beliefs used in
decision-making builds trust [1]. For instance, a robot may
wrongly believe that an appliance is open even though it is
closed, and thus fail to provide the user with the support they
need. If the robot can explain its beliefs about the appliance
state, the human can understand why the task failed and
correct the robot’s knowledge to recover.

To address this challenge, we draw on mental modeling
and AI planning by conceptualizing explanations as model
reconciliation: the robot aims to bring the human to a shared
understanding of an error situation by comparing the robot’s
and human’s internal models [2]–[4].

We consider model reconciliation in shared control of as-
sistive robots for people with motor impairments performing
activities of daily living. We propose a framework that uses
an LLM workflow [5]: from the robot’s models and the
human’s natural-language queries, it predicts and explains
differences between their mental models. The framework
explains predicted differences between user and robot knowl-
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4 Leibniz-Institut für Wissensmedien (IWM), Tübingen, Germany.
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Fig. 1. Overview of the model reconciliation framework including the
bidirectional updating process between human and robot, using foundation
models.

edge (e.g., world model) without requiring the robot to know
the user’s full mental model.

As an example with our wheelchair-based mobile manip-
ulator EDAN [6], [7] in Fig. 1, the human inquires why the
robot cannot grasp a greenish cup. The workflow identifies
that the human is referring to an object known to the robot as
green mug. This object is not present in the robot’s model
of the world, and thus it provides an explanation in natural
language.

Furthermore, our framework addresses model divergence
after explanation by allowing the human to correct the robot.
We achieve this through an arbitration module with a Vision-
Language Model (VLM) that helps the human recover.
Continuing the example in Fig. 1, the workflow can give
robot-specific instructions, such as moving the wheelchair
for a better view, or update the robot’s model by directly
adding the green mug.

To summarize, we aim to 1) enable systems to explain
their behavior, allowing the human to understand robotic
beliefs and 2) create a workflow for recovering from such
unexpected situations, particularly when the robot is mis-
taken, for instance due to perceptual errors. The paper makes
contributions on three levels: firstly, on a theoretical level by
proposing a bi-directional model reconciliation framework
for shared control in assistive robotics, encompassing the
robot updating the human and the human updating the robot’s
model. Secondly, on a methodological level via the usage of
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foundation model workflows that have been augmented with
information retrieved from a set of robot’s modules. Thirdly,
on an experimental level by providing an implementation
and a set of experiments in daily living scenarios with our
assistive robot, including the real robot and also a digital
twin.

II. RELATED WORK

A. Background: mental models and theory of mind

To motivate our framework, we draw insights from the
social sciences, inspired by Miller [8]. A good explanation
must be relevant not only to the explainee’s questions but
also to their mental model. Hence, we require a model of
both the explanatory agent and the explainee (we define a
mental model as an internal representation of the current state
of affairs [9]), and the concept of Theory of Mind [8]—the
ability to attribute mental states (e.g., beliefs) to oneself and
others. This enables agents to predict and interpret others’
behavior from their mental models. It also underlies first-
order false beliefs [10]: that another can hold an incorrect
belief about a fact, which matters when user and robot
disagree about the world state (e.g., green mug in Fig. 1).

B. Explanations as Model Reconciliation

Agent explanations based on mental models follow ex-
tensive prior research. The AI planning community coined
the term “model reconciliation” [4] to describe explainability
approaches that combine the robot’s model and its model of
the human’s model as symbolic representations, and provide
their differences as explanations. Several derived works exist,
e.g., [3], [11], [12].

However, approaches for model reconciliation often focus
on explaining the optimality of a plan to the human [12],
and make the assumption that the human’s mental model
is known to the robot, which is not realistic in assistive
robotics as it is cumbersome for the human to provide the
entirety of their mental model. Furthermore, many robots
with perception systems (e.g. [13]) have dynamic world
models that can lead to discrepancies about the world state
between the human and the robot models, as in the example
in Fig. 1. In some cases, the human may not even know that
an object or an action is unknown by the robot.

We take inspiration from previous methods where (1) the
robot infers the human model with a dialogue based on a set
of rules [11], and (2) explanations reconcile the difference
between robot’s and human’s entire knowledge bases, rather
than just the optimality of a robot plan [12]. Our approach
introduces an LLM workflow that exploits its rich semantic
understanding of the user’s query and robot representations
to predict the difference between the human and the robot
mental models (such as object databases and world models).
This workflow provides explanations without the need to
(1) explicitly represent the human mental models nor (2)
limit the explanations to a plan’s optimality, for instance by
allowing to explain divergent initial world states. Our method
aligns with a recent workshop paper in which an LLM

identifies facts responsible for model misalignment [14],
and further adds an assistive robotics implementation and
evaluation.

C. Collaborative Failure Recovery
The methods above explain robot beliefs; when the robot’s

model is wrong (misaligned with ground truth), the human
can understand but not yet correct it, so failure recovery is
not guaranteed.

Collaborative failure recovery methods mainly have the
robot detect failures and ask the human for help, typically
with the human performing manual tasks (e.g., relocating
objects for better detection) [15]–[17]. [18] allows the human
to add knowledge via demonstrations for collaborative task
decisions and recovery behavior, and [19] allows the human
to intervene via speech with limited vocabulary to guide
trajectory assistance for a dressing task. More recent work by
[20] conducts an uncertainty analysis in robot action plans
and uses an LLM to actively query the human for additional
information collection to avoid task execution if there is
incomplete knowledge.

Yet, approaches that allow for initiation of failure recovery
or active intervention by the human are rare. The framework
by [21] uses an LLM to integrate human initiated corrections
into task re-planning and integrates feedback from VLMs for
error diagnosis. [22] further distills the human’s feedback
into a reusable knowledge base to enhance performance in
novel settings. A recent workshop paper [14] proposes a
concept with LLMs, where the human is able to provide
a verbal interruption to correct the robot, and the LLM
identifies the facts responsible for misalignment through a
model reconciliation framework. To our knowledge, prior
work does not combine an explanatory pipeline with collab-
orative failure recovery in a model reconciliation framework.

III. MODEL RECONCILIATION FRAMEWORK

A. Assumptions
Robot control: We consider shared-control systems where

human and system jointly manage the robot, in an assistive
robotics setup (e.g., [23]), with the robot scheduling one
action at a time, guided by the user.

Mental models: We assume that the human has a mental
model of the world as well as of the robot’s capabilities.
Further, we assume that the robot has three models: (1) a
database with (static) general knowledge about objects and
actions; (2) a world model, which represents the robot’s
beliefs about the current state of the world, such as specific
object instances and their location (see [24] for examples);
(3) and an action model based on preconditions and effects
(e.g. [25]). Section III-D provides details of the implemen-
tation we used. Finally, we also assume that the symbols
in those models are semantically grounded in the English
language. As an example, a robot may represent the missing
green object in Fig. 1 with a symbol such as mug green$2
or cup green id34, instead of object blob. In this
paper, we use the notation object$id for object instances
and action verb for actions.
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Fig. 2. Evolution of the mental models of human and robot during our model reconciliation framework. Yellow boxes represent the user’s model. Grey
boxes represent the robot’s models.

B. Sources of model divergence

When robot and human are manipulating objects in shared
control, there are two main dimensions along which the
model of the human and the robot may diverge, related to

• knowledge about objects themselves (O) vs about ac-
tions that can be performed on objects (A);

• general knowledge about objects/actions (G), e.g. “ap-
ples can be picked up” vs. specific knowledge about
objects and the performable action in the current world
state (S), e.g. “there is an apple on the table in front of
me, but I am currently unable to pick it up”.

From the permutation of these two dimensions, the fol-
lowing four model divergences can be derived:

• DGO: The human thinks the robot knows about an
object (e.g. a thermos bottle), but it does not (general
knowledge about objects).

• DSO: The human thinks the robot observes an in-
stance of an object in the current scene (e.g. a specific
lab thermos$id), but it does not (specific knowl-
edge about object perception in the current scene).

• DGA: The human thinks the robot is able to perform a
certain action with an object in general (e.g. pour from
bottles), but it is not (general knowledge about actions
on objects).

• DSA: The human thinks the robot is able to perform
a specific action with an object in the current scene
(e.g. execute pour from from a lab thermos$7
into a mug$128), but it is currently not due to
a missing symbolic precondition (e.g. if it believes
lab thermos$37 must be grasped first) (knowledge
about preconditions of actions on objects in the current
scene).

We further add:
• FD: A false divergence, i.e., a human query may imply a

divergence, but in reality there is no difference between
mental models (e.g. if the human asks why can the robot
not pick up lab thermos$37, but the robot can).

C. Model reconciliation

A model reconciliation framework for shared control must
thus be able to provide explanations so that the human can
identify which of the five divergences (DGO, DSO, DGA,
DSA, FD) between their model and that of the robot causes
the misunderstanding. And it must provide reconciliation
methods to help resolve the divergence, if possible. We divide

this procedure into three stages (start, explanation, recovery)
and illustrate the evolution of the mental models in Fig. 2.

1) Start: At the start, both parties are unaware of the
other’s mental models, and the human asks the robot for
an explanation in natural language. We assume queries of
the form “Why cannot I/cannot you {action} {with
an object}?”; the template does not need to be followed
exactly, as language models parse the query. Examples: “Why
can you not grasp?”; “Hey robot, I cannot open

the drawer, what is the issue?”
2) Explanation: First, we extract the actions and objects

(including adjectives such as “greenish”) from the query
using an LLM. Then, we iteratively search in the robot
models to match the user query actions (and, if provided,
objects and adjectives) in natural language. Crucial in this
step is that LLMs provide a robust semantic interpretation,
both of the query and of the robot model contents.

Once a match is found that explains the disagreement, this
is communicated to the human in natural language. We note
in Fig. 2 that this explanation updates the mental model that
both parties have of each other, as (1) the human updates
their own internal model of the robot; and (2) the robot
implicitly estimates a human model, as it determines the delta
between the models (e.g. the robot learns that the human
expects some greenish cup device in Fig. 1).

3) Recovery procedure: Provided with an explanation, the
human decides if they want to accept it and carry on, or
provide a natural language rebuttal to the robot instead. For
instance, if the robot explains a drawer cannot be opened
because it believes it is already open, the user can rebut
with “But the drawer is actually closed!”. In this
case, the model is either overwritten directly by the estimated
difference (in the simplest case), or the robot provides ad hoc
methods to recover (e.g. suggesting robot base movements
to improve the perspective of perception methods).

We note that if the divergence concerns general knowl-
edge, such as teaching new skills and objects to the robot
(DGO & DGA), the user may not be able to recover by
themselves, as providing this knowledge often requires ex-
pert modules. In this paper we focus only on recovery of
divergences of specific knowledge, namely DSO & DSA.

D. Implementation in assistive robotics
The method is implemented on the wheelchair-based mo-

bile manipulator EDAN in Fig. 1, for people with severe
motor impairments performing activities of daily living via
shared control [6], [7].
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a) Models: Our robot represents a static object database
(using a framework from [26]) with a list of object classes
it knows (e.g. green cup), and a world model with a list
of object instances it currently locates, using perception (e.g.
[green cup$41, green cup$95]).

For an action model we use a so-called action graph [27]
that filters actions that are possible for the robot based on the
objects in the world model and preconditions in the PDDL
language [28]. Actions can be either available (preconditions
are fulfilled, can be executed right away) or blocked (precon-
ditions are missing). Blocked actions and their associated
unmet preconditions are stored in a dictionary (see Fig. 4).

b) Explanation procedure via model matching: We
implement the explanation as four search steps following the
flowchart in Fig. 3. Each leaf corresponds to a divergence
type (DGO, DSO, DGA, DSA, FD); the figure gives one
example per type.

Step 1 - Query object database (for Divergence DGO):
If an object is mentioned in the human’s query, it is first
verified that this object is part of the robot’s object database.
The LLM workflow extracts objects from the query and
attempts to match their similarity with the objects in the
database, see prompt in Fig. 5, and provides an explanation
if it fails. However, if the object is matched with an object
in the database, this object name is saved and used in
subsequent search steps. Example— The human attempts to
grasp a pineapple using the robotic arm. However, this is an

 # Dictionary containing the disabled actions as values in lists 
# and the respective unmet preconditions as keys 

 

 

A  # Dictionary containing the disabled actions as values in lists 
# and the respective unmet preconditions as keys

 

 

B

{'bind mug_green$2 right_arm': [['release_sct.yml', 'mug_green$2', 'right_arm']], 
'not closed op_microwave$1': [['close_microwave_sct.yml', 'op_microwave$1', 'right_arm']]}

{'bind mug_green$2 right_arm': [['release_sct.yml', 'mug_green$2', 'right_arm']], 
'closed op_microwave$1': [['open_microwave_sct.yml', 'op_microwave$1', 'right_arm’]]}

Fig. 4. Symbolic state dictionaries for a world model with (A) a green
mug and a closed microwave; (B) a green mug and an open microwave.

unknown object to our robot. The method therefore informs
the human about the inability to grasp the pineapple (see Ex.
1 in Fig. 3).

Step 2 - Query action model, first pass (for Divergence
FD): It is assessed if the action (with an optional object)
in the human’s query can actually be executed by the robot,
by searching in the action graph’s available actions. This
prevents the method from further searching, and requires the
human to be more precise if the problem persists. Example—
In Ex. 5 of Fig. 3, the human asks why an apple grasping
task is not possible. As the preconditions of this task are met
according to the action graph, the robot will simply explain
that the grasp is possible after all given the robot models.

Step 3 - Query world model (for Divergence DSO):
If an object was mentioned in the human’s query, the
LLM ascertains if an instance of the object name (from
Step 1) is part of the robot’s world model. If it is not, it
returns an explanation. Example— In Ex. 2 in Fig. 3 the
world model contains a red apple$1, mug green$2 and
thermos$3, but no object mug lilac$id as identified
from the user query about a “purple mug”.

Step 4: Query action model, second pass (for Di-
vergences DGA/DSA): The LLM searches in the blocked
action dictionaries from the action graph, aiming to find if

# prompt object database
Your job is to state if a target object is part of a list of objects or not. You need to assign it in 
one of the categories 'no' or 'yes'.	
1) Write 'Thought': think step by step how to solve it. Check if there are objects in a list of objects 
that match the given one. If there are matches return the given object in the 'yes' category. If there 
are no matches return the given object in the 'no' category.   	
2) Write 'Final answer': return a json with two list elements 'no' and 'yes' in which you categorise the 
given object. Always write 'Final answer'! 	
Example:	
- target object: ["blueish vase"]	
- list: ["vase_dark_blue", "yellow_banana"]	
- Thought: The object is "blue-ish vase". A possible match is "vase_dark_blue". I will assign "blue-ish 
vase" in the "yes" category.	
- Final answer: {"no": [], "yes": ["blue-ish vase"]}	
	

{Four more examples}	
	

Actual Task:	
- target object: {object_mentioned}	
- list: {odb_list}

Fig. 5. Example prompt for matching an object with the robot database.
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the requested action is blocked by a precondition, or not.
If it is blocked it returns the missing precondition as an
explanation (Divergence DSA); if it is not, we assume the
robot is not trained to execute the said action, and return this
as an explanation (Divergence DGA). Example for DGA—
The user asks in Ex. 3 about cutting an apple; despite
a red apple$1 being located, the action cutting is not
available nor blocked, so the robot explains the robot has
not been trained for it. Example for DSA— The user asks in
Ex. 4 about pouring into a green mug. Intuitively, grasping a
container with liquid is a precondition for this action, but in
this case this is missing (e.g., the robot could have failed to
detect that a thermos is grasped). As an explanation, the LLM
provides the missing precondition from the action graph.

c) Recovery procedure: We implemented a recovery
pipeline as a flowchart in Fig. 6. There are two cases:

Case 1: Divergences DSO & FD: An object desired by
the user is not in the world model (even if the explanation
incorrectly assumed a False Divergence, see Ex. 7 in Fig. 6).
We use a VLM as an “oracle” to (1) attempt to match the
object in the user rebuttal with the objects in the camera
image of the robot, shown in Ex. 6 (successful match) and
Ex. 5 (unsuccessful match); and (2) if matched, provide a
movement suggestion of the robot wheelchair that would
achieve a better object view without occlusions, so that the
robot perception algorithms can detect it. Outcome 1: If
there is no match or the wheelchair movement fails to fix
the problem, the LLM adds the missing object to the world
model, asking the user to drive the end-effector toward the
object to obtain a pose. Outcome 2: If the suggestion works,
the robot’s perception algorithm automatically detects and
adds the object to the world model.

Case 2: Divergence DSA: In case of an unmet precondi-
tion, the desired state is collected from the human rebuttal
(e.g. the open status of the microwave from “But the

microwave is open!”). This is matched to a symbolic
state (in PDDL), the world model (and the derived action
graph) and overwritten accordingly (Ex. 8 in Fig. 6).

d) LLM/VLM: We used an open-weights local VLM for
all steps, Mistral-Small-3.2-24B-Instruct-2506 [29]. Prompt
engineering techniques such as Chain of Thought and Few
Shot Prompting were applied [30], [31], in order to improve
the generation capabilities of the relatively-small model.

IV. EVALUATION

A. Pilot study on real robot

Do explanations and recovery work on a realistic setting?
Robot: Experiments were conducted on the wheelchair-

based mobile manipulator EDAN with a lightweight arm
and a gripper end-effector, shown in Figs. 7 and 8 [6], [7].
The robot end-effector was controlled with a 3D joystick in
shared control. The robot offered the user a set of actions
(e.g. a grasp), that could be activated by users by driving
the end-effector nearby the object, and then completed using
Shared Control Templates [23]. The language model was
running on a workstation next to the robot (dual NVIDIA
RTX 6000 Ada 48GB GPU), and we interacted with the
robot via speech.

Tasks and robot models: We considered two sequences
where the experimenters commanded the robot to interact
with daily living objects, shown in Fig. 7 and Fig. 8
respectively, and added to the video submission. The robot
located known objects via a perception pipeline and updated
its world and action models accordingly. Known objects were
a thermos bottle, a mug, and an apple, while unknown objects
(not in the database) were two toys (pineapple, octopus).

Explanation and recovery: On each of the user queries
on Figs. 7 and 8 the robot did not offer to activate in shared
control the tasks that users were asking about (except for
divergence FD on Frame 4 of Fig. 7). The first sequence
provides examples of the explanation procedure only, high-
lighting one query of each divergence type. The second
sequence shows the full explanation and recovery process
from Section III-Dc, but removing the VLM oracle step with
movement suggestions for simplicity of example (featured
later on Section IV-B). After the recovery interactions on the
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and 5. We note the world model also represents the user and the end-effector. The full sequence is in the attached video.
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Fig. 8. Second video sequence. Recovery results with a real robot with a thermos and a mug. The full sequence is in the attached video.

second sequence, the tasks that were blocked (“grasping the
greenish cup”, “grasping the thermos bottle”) were offered
again to the user as the issues were solved, and executed in
shared control (frames 3 and 6 in Fig. 8).

B. Evaluation with a robot simulation

We conducted two experiments on a digital twin, Experi-
ment B1 and Experiment B2. Exp. B1 used three unit tests:
two for generating correct explanations for world and action
divergences (DSO, DSA), and one for recovery suggestions
for a failed object localization (DSO). Exp. B2 revisits the
action divergence unit test to evaluate the effect of robot
semantic representations.

Dataset: A dataset composed of 40 episodes was gathered.
Each episode represents one human-robot-interaction for one
of the units. There are 13 units for failed object localization,
11 for unmet predicates and 16 for recovery suggestions. An
episode consists of an image, a matching world model of the
robot, and an initial human’s query, plus potential follow-up
contradictions or specifications from the human. The images
were partially collected from our robot’s camera itself in the
kitchen of the lab. Additional image material was gathered
in the kitchen and the living room of the lab as well as our
office using a smartphone. All images contain at least one
object from our robot’s object database. An example of an
episode can be seen in Fig. 9. For each episode a ground
truth conversation was created. This conversation contains
the expected explanations or recovery suggestions based on

Fig. 9. Example episode for the unit testing explanation generation for
unmet task precondition

the given human’s query, image, and world model.
Answer generation and labeling: For all experiments

(Exp. B1 and B2), explanations and recovery suggestions
were computed from a digital twin containing the robot’s
world and action models. As each episode was run three
times, we have 120 output conversations in total.

We assigned it a label of True if the method reply
corresponded to the ground truth explanation in the dataset
using the criteria in Fig. 10. We obtained two types of labels:
(1) the label by one of the authors; and (2) the label by
Mistral-Small-3.2-24B-Instruct-2506 [29] as in “LLM-as-a-
judge” [32] (prompted with the label criteria displayed in

Fig. 10. Evaluation rating criteria
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[Divergence DSO] [Divergence DSO] [Divergence DSA]

Fig. 11. Accuracy scores for each unit for our method and the naive VLM

Fig. 10). The goal of using an LLM to label the data is to
ensure unbiased labeling if only an author would label the
data. In all figures in this subsection, we report accuracy as
the average between LLM and human labels. We obtained a
satisfactory inter-rater reliability, i.e. Cohen’s κ = 0.91.

a) Experiment B1: ablation of our framework: Ques-
tion: Are the explanations common-sense, or is the robot’s
model required for correctly explaining and suggesting re-
covery strategies? Benchmark with a Naive VLM: To
draw a comparison, we ablated our framework by directly
querying a “naive” VLM (again Mistral-Small-3.2) with the
same dataset including the image of the episodes. We used
two prompts (one for the two explanation units in Fig. 12
and one for the recovery suggestion unit), where general
context about our robot, the task and the human’s query was
provided. However, the prompts did not contain information
from robot’s models. Results: The accuracy was calculated
for each unit separately, as shown in Fig. 11. Examples of
method and naive VLM replies are shown in Fig. 9.

b) Experiment B2: semantic representations: Question:
What is our reliance on semantically rich representations?

By inspecting failed episodes of the unit for unmet pre-
conditions, it seems that failures are mainly due to misinter-
pretations of uncommon English robot representations. For
instance, the cabinet of the kitchen is represented on the
robot’s object database as ikea bagganas, the name of
the product, which the LLM does not always identify as
a cabinet, and sometimes mistakes it for an “ikea bag”.
We therefore repeat the unit test for “Precondition not
met” (DSA), but augmented the relevant prompts with a
“translation dictionary” of uncommon terms.

Results: As shown in Fig. 13, providing a dictionary
with translation of uncommon terms yielded an accuracy of
92.42%, 13.63% more than in Experiment B1.

# prompt naive vlm explanation:	
You are the speech AI module of an assistive mobile wheelchair robot. Your goal is to provide an 
explanation to the user about why a certain task is currently not executable. You must adapt the persona 
of the robot.    	
To answer:    	
* Provide an explanation to the user's query about a certain task not being executable.    	
* This fault behavior of the robot is due to one of the following: 1) the user's target object is not part 
of the robot's world representation 2) the symbolic state of the world was misinterpreted by the robot 
which is why preconditions for task execution are not met. State which precondition is unmet.    	
* If you think an object should have been successfully detected and included to the robot's world 
representation state that as well.     	
* The photo attached comes from the robot's camera, representing what the robot "sees".    	
* Write "Thought:" and very briefly think your answer step by step.    	
* Write "Final answer:" and provide your explanation as if it were given by the robot. Use first person, 
and impersonate the robot.    	
* Use the photo for additional information to provide a good explanation, but do not use the statement "in 
the photo provided". Do not speak about "the attached image". 	
Remember, this camera image contains everything EDAN "sees".    	
The user's question is: {users_query}    	

Fig. 12. Naive VLM prompt for explanations

Fig. 13. Accuracy for the explanation for precondition not met unit for
prompts without information about robotic object representation vs. prompts
with information about it

C. Discussion
As shown in our robot experiments (Figs. 7 and 8) and

validated in our simulation unit tests (Figs. 11 and 13), our
method can create explanations and recovery suggestions
for a variety of daily living objects and task situations,
answering all real robot queries correctly on a long sequence
and achieving between 78 and 100% accuracy on the diverse
unit tests. Experiment B1 shows that the model reconciliation
outperforms a naive vision-only baseline, achieving 100%
accuracy in explaining object localization failures, 78.79%
in communicating symbolic state errors, and 78.12% in
recovery suggestions. Experiment B2 showed that adding
a dictionary with definitions of uncommon terms (such as
in the ikea bagganas kitchen cabinet example) further
increases the accuracy from 78.8 to 92.4% to the action
reconciliation experiment, emphasizing the requirement of
having clear robot representations that can be interpreted in
English by the LLM. Furthermore, a naive VLM without the
model reconciliation context has considerably lower accuracy
in all conducted tests, which signifies that the LLM retrieves
and provides the correct information from the modules of
the robot to explain a failure situation, and a VLM by itself
is not able to produce those explanations.

Our evaluation reveals several limitations that point to
future improvements. As shown in the unit test in Fig. 11,
recovery movement suggestions could be better adapted to
our robot platform; the accuracy drop appears to stem from
incorrect platform suggestions by the VLM, likely reflecting
spatial reasoning limitations of smaller models [33]. We also
observed that small LLMs can be sensitive to adjectives,
occasionally inferring objects (e.g., a “greenish mug”) from
loosely related cues such as the presence of a green apple,
highlighting brittleness in semantic grounding.

In addition, our experiments cover only a limited range
of everyday scenarios, and broader evaluations with more
diverse tasks and objects are needed to better assess trans-
parency and usability. The specific contribution of LLM-
driven semantics should be isolated using stronger base-
lines, including a purely symbolic PDDL/action-graph ap-
proach with template-based explanations and a classical plan-
explanation method. Finally, user-driven state overwrites re-
quire more systematic safety validation, for instance through
cross-checks with perception confidence.

To resolve these limitations, in particular, a future user
study would be appropriate, testing if the application of the
method is indeed perceived as helpful and leads to more trust
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and improved human-robot-teaming.

V. CONCLUSION

We introduced a model-reconciliation framework using
foundation models to explain and recover from unexpected
robot behavior. Experiments show it provides accurate ex-
planations and reasonable recovery suggestions, given that
robot models contain English-interpretable representations.

In future work, we will explore explanations related to
plan optimality (explaining why a plan is optimal with longer
planning horizons), goals (resolving mismatched goals be-
tween human and robot), and failed feasibility checks (resolv-
ing situations where an action is possible in theory, but not
in practice [34]). We will also support multiple instances of
the same object type, such as multiple drawers requiring the
human to specify disambiguating properties, such as “why
cannot I grasp the second drawer from the top”. Finally, we
will consider comparisons with other interface modalities,
as visual explanations of a robotic wheelchair’s model could
improve predictability, recovery times, and understanding of
the robot’s inner workings [35], [36].
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