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Abstract

In this work, we explore the use of large lan-

guage models (LLMs) as interpreters of user

utterances within a human-robot language in-

terface. A user interacting with a robot that op-

erates in a physical environment should be able

to issue commands that interrupt the robot’s ac-

tions, for example, corrections or refinements

of the task. This study addresses the context-

aware interpretation of user utterances, includ-

ing those issued while the robot is actively

engaged in task execution, exploring whether

LLMs, without fine-tuning, can translate a

user’s directive utterances into corresponding

sequences of robot actions. Using an interac-

tive multimodal interface—combining text and

video—for a virtual robot operating in a simu-

lated home environment, we collect a dataset of

user utterances that guide the robot through var-

ious household tasks, simultaneously capturing

manual interpretation when the automatic one

fails. The collected dataset is used to compare

the interpretive performance of the proprietary

gpt-5-mini model with an open-source Qwen3

model. Overall, GPT and Qwen achieve exact-

match accuracy of 67% and 59% with only

five dynamically selected few-shot examples,

which is above the accuracy achieved with forty

randomly selected examples. Our findings re-

veal that utterances issued during plan execu-

tion pose a challenge for both models.

1 Introduction

We envision that robotic assistants will be work-

ing side-by-side with people helping us to perform

physical tasks at homes, workplaces, warehouses,

and hospitals. Language is an ideal natural inter-

face for people to interact with their assistants, hu-

man or robotic. Through task-specific instructions,

real-time feedback, and iterative correction, users

could guide robots in mastering the tasks and en-

riching their understanding of the domain and its

requirements. While robots would need to under-

stand all types of utterances, including questions

or general comments, understanding task-specific

user ‘directives’ – utterances that instruct a robot to

perform physical actions – is a basic requirement

for the human-robot interface and the focus of this

work. Understanding of a directive by a robot can

be viewed as the translation of an utterance in the

given context into a sequence of robot actions. The

set of possible actions is based on the capabilities

of the robot. Our virtual household robot can pick-

up and place objects, open cupboards, toggle a

switch, and navigate to objects. Directives vary in

their specificity ranging from high-level generic,

e.g. ‘make coffee’, to specific, e.g. ‘pick up the

tomato’, and a robot should be able to handle both

high-level and specific directives.

A highly experienced assistant familiar with the

tasks and the environment may only need high-

level instructions. However, when training an assis-

tant to perform a new task, a user may need to issue

specific directives, e.g. ‘go to the sink and empty

the cup’ or a correction in the context of ongoing

actions ‘not this one, use a different mug’. For

high-level directives, research addressing planning

for embodied agents shows that LLMs, not with-

out occasional hallucinations, can produce plans

and even executable code (Ahn et al., 2022; Huang

et al., 2022a; Wang et al., 2023; Dalal et al., 2024;

Shridhar et al., 2020). Unlike a high-level generic

directive, a specific directive may not require com-

plex decomposition making it easier to interpret

on its own. However, a specific directive may be

given when the user observes the robot’s actions

and notices a mistake. Such directives may refer-

ence previous utterances and objects in the current

scene. The contextual dependence of a specific

directive poses a challenge for its interpretation.

All directives are decomposed into sequences of

actions based on knowledge of the task and under-

standing of the limitations of the physical environ-

ment, and we envision that a single model would
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Figure 1: System diagram.

perform interpretation for both generic and specific

directives alike.

Previous studies use LLMs as planners in syn-

chronous interactions where a user provides a di-

rective, the robot comes up with a plan of actions,

executes it without interruptions, and responds to

the user (Shridhar et al., 2020; Padmakumar et al.,

2022b; Sarch et al., 2023; Zhang et al., 2022; Jiang

et al., 2025). These paradigms assume a linear

interaction flow that may not reflect real-world dy-

namics. In reality, users would be engaging with

robots in a more fluid and asynchronous manner

by issuing new directives while the robot is still

executing ongoing actions.

We implement a multimodal interface – combin-

ing text and video – for a virtual robot performing

tasks in a home environment and use it to collect

human-robot interactions annotating them using an

expert-in-the-loop method (see Section 2.3). As

far as we are aware, this is the first human-robot

interaction dataset that includes context-dependent

utterances issued during plan execution.

While in the past language understanding for di-

alogue systems required collecting domain-specific

training data for custom models, today pretrained

LLMs can eliminate the need for such training data.

We use the collected dataset to analyse the strengths

and limitations of using an LLM as an interpreter

of utterances in human-robot dialogue, addressing

both generic and context-dependent utterances.

The contributions of this work are:

• A multimodal interface (text and video) for

controlling an in-house robot in a virtual envi-

ronment and collecting data using an expert-

in-the-loop method (Section 2).

• A dataset of human-robot interactions, with

484 utterances, including plan-interrupting

and failure-correcting utterances annotated by

experts with ground-truth interpretation (Sec-

tion 3).1

• An evaluation of two LLMs on the collected

dataset and an analysis of results across con-

textual categories (Section 4).

2 Method and System

2.1 Examples Repository

In this work, we experiment with using LLMs to

generate a sequence of API calls that would execute

a user’s natural language command (or directive) to

a robot, a type of code generation task that LLMs

are capable of performing. We use a pretrained

LLM with few-shot learning to interpret user com-

mands directing a robot in completing domestic

tasks.

While previous work explored the use of LLMs

for planning in physical environments (Ahn et al.,

2022; Huang et al., 2022b; Song et al., 2023; Sarch

et al., 2023; Singh et al., 2023), in this work we

address user command interpretation in context of

an ongoing task execution. High-level directives

such as ‘make coffee’ require planning, while cor-

rections such as ‘use another cup’ require adjusting

the current plan. For both types of directives, the

model outputs a sequence of API calls. We evaluate

if providing LLMs with relevant few-shot examples

can help the model to generate execution plans in

response to both high-level and plan-interrupting

directives. In the rest of the paper we refer to the

sequence of API calls generated by the LLM as

‘plan’.

Central to our approach is the examples reposi-

tory – a database storing annotated examples from

previous interactions. Each example consists of the

state of the dialogue and the environment (includ-

1
https://github.com/sstoyanchev/

Human-directing-robot-dialogue.git

https://github.com/sstoyanchev/Human-directing-robot-dialogue.git
https://github.com/sstoyanchev/Human-directing-robot-dialogue.git
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ing discussed or visible objects and the previous

plan), the user utterance, and the annotated ground-

truth system response, represented as a sequence

of API calls (see Figure 2-b). At test time, the few-

shot learning examples are dynamically extracted

from the repository and appended to the prompt.

Dynamic selection of relevant few-shot examples

has been shown effective for many tasks, includ-

ing embodied planning (Pecher et al., 2024; Adiga

et al., 2024; Sarch et al., 2023; Song et al., 2023).

In this work, we evaluate this method for interpre-

tation of user utterances in human-robot interaction

where the context includes visual information, dis-

cussed objects, and the previous plan, which may

have been interrupted by the user.

We collect and annotate, using an expert-in-the-

loop approach (see Section 2.3) and manual correc-

tion, a dataset of 484 user utterances. Because of

the small size of the dataset, we use the leave-one-

out method to evaluate the LLMs’ interpretation

accuracy: for each test instance in the dataset, the

set of all remaining instances serves as the pool

from which few-shot examples are selected.

We explore two methods of example selection:

random and similarity-based. To extract few-shot

examples using a similarity metric for the example

i, we select the K ∈ (3, 5, 10) most similar exam-

ples The semantic similarity S(i, j) between a pair

of examples i and j is stored in an N ×N matrix

S (N = the number of examples in the dataset)

computed using a linear combination:

S = α ·O+ β ·P+ γ ·U+ δ ·C (1)

where O,P,U,C are N×N matrices of semantic

similarity for object descriptions, previous plans,

utterances, and context-label strings (e.g. ‘Empty

execution stack & successful last command exe-

cution’ or ‘Non-empty execution stack & failed

last command execution’).2 While the parameters

of Equation 1 can be learned to optimize perfor-

mance, in these experiments we heuristically set

α = β = γ = 1 equally weighting objects, plans,

and utterances.3 We set δ = 100 to prioritize se-

lection of examples with the matching context type

(e.g., interruption, correction, or new command).

This ensures that when a user utterance interrupts a

plan execution, the few-shot examples selected to

interpret this utterance are also interruptions.4

2Similarity matrices were computed between strings using
the Sentence Transformers model all-MiniLM-L6-v2.

3Parameter optimization remains future work.
4Except in cases where where K exceeds the number of

The dataset includes all types of directives that

a user may issue to a robot, including high-level

directives (e.g., ‘make coffee’) and more specific

contextual directives (e.g., ‘use another cup’). We

hypothesize that, especially for smaller models,

selecting relevant few-shot examples is key to im-

proving interpretation accuracy. Next, we describe

the system used to collect the data.

2.2 System Overview

Figure 1 outlines the functionality of our multi-

modal system, which includes a text input/out-

put and a video output interface integrated with

the AI2THOR simulator (Kolve et al., 2022), fur-

ther extended by the TEACH project (Padmakumar

et al., 2022a). The simulator is instantiated with

photorealistic scenes of home spaces designed in

previous projects (Blukis et al., 2022). A virtual

robot moves within this environment interacting

with objects.

Through its text-based user interface, the system

accepts both natural language and direct calls to

the executor’s API. Natural language input is pro-

cessed by an LLM, which first recognizes the type

of utterance (directive vs. other). If the utterance

is a directive, it is interpreted by the LLM as a

sequence of API calls. For utterances other than

directives – such as question, social or non-task-

related input – the LLM is instructed to directly

generate a response to the user.5 Alternatively, a

user can directly enter a sequence of API calls

(e.g., ‘Goto(Table_0);Pickup(Potato_1)’),

which are detected using a regular expression and

are not interpreted by the LLM.

The sequence of API calls, either interpreted

from an NL utterance or directly entered by a user,

is passed to the Executor, which invokes them one

by one in the virtual environment. When a com-

mand is executed successfully, the state of the vir-

tual environment is updated. If command execution

fails – either due to a logical error (e.g., an object is

too far to interact with) or a limitation of the simu-

lator6 – the execution stops and the system notifies

the user of the failure, requesting help to recover.

The prompt to the LLM that interprets a user

utterance includes a general instruction with a de-

scription of the executor API (see Appendix A),

examples with the matching context in the repository.
5Evaluating responses to non-task-related natural language

input remains future work.
6We encounter cases where placing objects fails even when

it should be possible.
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few-shot examples (see Appendix B), the last user

utterance, and the current state.7 As directives are

interpreted in the context of previous actions, the

state (both historical in the examples and current)

includes a list of discussed, held, and visible ob-

jects, as well as the previous plan with the execu-

tion status (see Figure 2-b) .

In addition to direct API calls and natural lan-

guage directives used to communicate with the

robot, a user may type a meta-command to retrieve

state information or reset the system state. These

meta-commands are designed to help expert users

to effectively interact with the system. The input

types accepted by the system are summarized in

Table 1.

User

Input

Example/Description

Direct

API call

Goto(Table_1);Pickup(Potato_1)

pass to the executor

NL com-

mand (di-

rective)

‘get a potato from the table’

convert to direct command using

LLM

Question/

social

Hello there! response is gener-

ated by LLM

Meta- commands

objects show the list of discussed/held

objects

plan show the current plan

resetobjs reset the set of objects

resetplan reset current plan

resetall reload the environment and reset

plan and objects

Table 1: Summary of the user input types.

2.3 Expert-in-the-loop Mode

During data collection, the system operates in

expert-in-the-loop mode, where after each natural

language directive utterance, the system displays

the sequence of API calls interpreted by the LLM

and prompts the user to confirm or correct it. If the

user confirms (by pressing ‘Enter’ or typing ‘y’),

the API call sequence generated by the LLM is

sent to the executor. If, in response to the system’s

confirmation, the user types an API call sequence,

it is treated as the correct interpretation of the pre-

vious NL utterance. It is sent to the executor and

a triple <State, User Utt, API Sequence> is

saved into the examples repository.

To communicate naturally with a robot, a user

7The actual model type is a configurable parameter.

should be able to issue high-level commands as

well as specific commands that interrupt the robot’s

actions with a correction or a new directive. We

simulate interruptions by pausing after the execu-

tion of every action and prompting the user to de-

cide whether to continue execution or type an inter-

rupting directive.

Figure 2-a illustrates a script of an expert user

interacting with the system in expert-in-the-loop

mode. The initial NL command (line 1) is correctly

interpreted by the LLM. On line 15, the user is-

sues another command, ‘actually take it to the pot’,

which interrupts the current plan execution. Given

the context of the interrupted plan (line 12) and the

discussed objects (line 14), the LLM incorrectly in-

terprets the last utterances, producing an incorrect

plan (line 17), which is corrected by the user on

line 18. After this interaction, a new entry is saved

to the examples repository (Figure 2-b).

For this data collection, we used GPT4.1 as the

language interpreter with 70 static examples col-

lected previously through using the same interface.

3 Data and Experiments

3.1 Data set

Executor

stack

Execution

status

Total Manual

Correct

Empty

Success 246 20

Failed 37 5

Null 74 9

Not empty
Success 39 39

Fail 38 38

(has actions) Null 50 8

Overall 484 119

Table 2: Statistics on the collected dataset across six

context categories, based on the executor stack and ex-

ecution status of last command (see Appendix B for

examples).

Prior to data collection, four users (co-authors

of the paper) were trained to control the virtual

robot by completing ten tasks using API calls that

were passed directly to the executor. We refer to

them as ‘experts’. Next, the experts interacted with

the system using the expert-in-the-loop method de-

scribed in Section 2.3. Their goal was to instruct

the virtual robot with natural language commands

to perform household tasks such as making coffee,

collecting objects, and cleaning dishes by providing

step-by-step instructions or high-level directives.
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(a)

1   USER>    Move the egg to the counter top 
2   ROBOT> LLM says: "I will find the Egg, move it to the CounterTop, and place it 

there." 

3   ROBOT> Here is a new plan: 
Pick_up(Egg_0);Go_to(CounterTop_0);Place(Egg_0,  

CounterTop_0). Is this right? 

4   USER>    yes 
5   ROBOT> OK, going to execute the plan 
6   ROBOT> I am going to do this now: Pick_up(Egg_0). Enter or type another 

command. 
7   USER> 
8   ROBOT> Executing... 
9   ROBOT> I succeeded to Pick_up(Egg_0) and Go_to(CounterTop_0) 
10 ROBOT> I am going to do this now: Place(Egg_0, CounterTop_0). Enter 

or type another command. 
11 USER>    plan

12 ROBOT> Current plan: 
Pick_up(Egg_0):SUCCESS;Go_to(CounterTop_0):SUCCESS; 

Place(Egg_0, CounterTop_0):NOT_ATTEMPTED 

13 USER>    objects
14 ROBOT> We have discussed: Egg_0, CounterTop_0. I am holding Egg_0.

15 USER>    actually take it to the pot

16 ROBOT> LLM says: "I will take the Egg which we discussed to the Pot" 
17 ROBOT> Here is a new plan: Pick_up(Egg_0);Place(Egg_0, Pot_0). 

Is this right?
18 USER>    Place(Egg_0,Pot_0) 

15: Interrupt after successful action  execution

User changes the command in the middle of execution and 

refers to an object with a pronoun

6: The system pauses to confirm the next action; 

7: the user confirms by pressing 'enter’; 
8: the system continues the execution

11, 13: Meta-commands: query the system to show the 

current plan and the list of discussed objects

18: Interpretation correction

User corrects the system’s interpretation of the utterance on 

line 16 removing Pick_up as the egg is already picked up

1: No interruption; Empty context (initial utterance)

NL command correctly interpreted by the LLM and 

confirmed by the user

Dialogue Explanation of the user/system behavior

(b)

Figure 2: (a) Expert-system interaction with explanations of user and system behaviour. (b) In-context example

annotated by the expert resulting from this interaction and added to the examples repository.

The experts were explicitly encouraged to issue

interrupting directives while the system was per-

forming actions. In addition, they provided manual

corrections by typing the correct API calls when

the automatic interpretation was wrong.

We recorded the NL utterances, their context,

and their corresponding automatic (GPT-4.1) and

manually corrected interpretation (when provided

by the expert), resulting in 484 examples summa-

rized in Table 2. To better understand the capa-

bilities of LLMs, we distinguish six contextual

categories in which a user utterance may be is-

sued. These categories are defined based on two

factors: (a) whether the robot’s execution stack is

empty, and (b) the execution status of the last direc-

tive—Success, Fail, or Null.8 The execution stack

is empty at the start of the interaction (Null exe-

cution status) or when the previous directive has

completed executing (with Success or Fail status).

In both cases, the robot is idle until it receives a new

directive. Conversely, the stack is non-empty if the

8User directives are processed after each unit action of the
simulator (e.g., pick-up, place). We do not handle interruption
of a unit action, which in a physical environment may still be
incomplete at the time the directive is issued.

robot is in the middle of executing a plan—either

before the first action has begun (Null status) or

after completing a non-final action (Success or Fail

status). When a directive is issued while the robot’s

execution stack is not empty, it is likely intended

to modify or augment the ongoing execution plan.

Such directives require contextual interpretation

that accounts for the current state of execution,

which we hypothesize to be more cognitively de-

manding for both the user and the system.

In our dataset, as expected, the majority of user

utterances were issued when the execution stack

was empty, following a successful execution.

The dataset contains 39 instances of interrupt-

ing commands issued with a non-empty execution

stack that follow a successful execution and 38 that

follow a failed execution. For example, while mak-

ing coffee, after the robot picks up a cup, a user

observes that it is dirty and instructs the robot to

wash the cup first. The correct interpretation for

such an instruction should result in a new plan to

wash the cup and then continues making coffee.

During their interaction with the system, ex-

perts corrected 20% of the automatically generated

plans. After collecting the data, we further man-
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ually checked and corrected all instances where

an expert had provided a correction, as well as all

instances with non-empty stack after a failed or

successful execution.9

To simplify annotation without losing informa-

tion, we introduced symbolic shortcut annotations:

CONTINUE_NA and CONTINUE_FAIL, which

indicate that the old plan should be restarted from

the point of interruption, beginning with the first

not-attempted or failed action. Overall, we man-

ually checked a quarter of the instances in the

dataset. For each checked utterance, the annota-

tor also added an explanation - a natural language

description which explains the users’ instruction in

further detail.

After manually checking the expert annotations,

we note that the expert-in-the-loop annotation

method can be improved by providing experts with

a more user-friendly annotation interface and addi-

tional training.

3.2 Evaluation Metrics

To evaluate LLM interpretation on the collected

dataset, we use exact match by comparing the gen-

erated plan with the annotated ground truth se-

quence of actions (GT). An NL command is inter-

preted as a sequence of ‘grounded’ actions (applied

to specific object instances in the virtual space). A

model’s interpretation is considered correct if both

the predicted actions and the object parameters

match the GT. For example, Pickup(potato_1)

is not the same as Pickup(potato_2) because it

refers to a different instance of the object. We

opt for a strict exact match instead of commonly

used LLM-based metrics because the nuances of

object distinction may not be reliably detected by

the LLM. While our strict metric may downplay

the model performance, it is still useful for compar-

ison across models and contextual categories (see

Appendix C for preprocessing details).

We report accuracy as the proportion of correctly

interpreted examples in the entire dataset, analyz-

ing it across the contextual categories.

3.3 Models

User utterance interpretation is performed on every

turn of the dialogue. As it is desirable to balance the

trade-off between cost and performance, we aim

for a smaller model to handle interpretation rather

9Some of the manual corrections were due to typos. In
some cases experts failed to identify LLM interpretation errors
in the non-empty stack cases.

than consulting OpenAI for each user turn. We are

nevertheless interested in how the performance of

a ‘reasoning’ OpenAI model compares to that of

smaller public models which could run on the robot.

In our experiments, we evaluate gpt-5-mini and

Qwen3-4B-Instruct-2507 (Yang et al., 2025).

We chose gpt-5-mini from the suite of GPT op-

tions for its lower cost and reported reasoning abil-

ity. We chose Qwen3 with 4B parameters tuned to

follow instructions as a smaller alternative that we

still expect to perform the interpretation task.

For the gpt-5-mini model, we use the medium

setting for reasoning. For the Qwen3 model, we

use the temperature = 0 and tp = 0.95.

4 Evaluation Results

To determine whether selecting similar in-context

learning examples improves the accuracy of di-

rective command interpretation, we compare two

selection methods: (1) random from the match-

ing contextual category (CAT+RAND) and (2)

similarity-based selection computed using Equa-

tion 1 (SIM). To prime the model more effectively,

the examples are presented in reverse similarity or-

der, with the most similar example appearing last

in the prompt.

Table 3 shows that, across the board, increas-

ing the number of examples leads to higher ac-

curacy and that the SIM method is more effec-

tive than CAT+RAND. We observe that for both

GPT and Qwen models, selecting 5 few-shot exam-

ples based on similarity achieves higher accuracy

(0.672/0.592) than randomly selecting 40 examples

(0.657/0.583).

Overall, both models achieve their best accuracy

in the SIM condition with 10 examples with Qwen

slightly below GPT (0.613 vs 0.672).

Answer in the Prompt. To better understand

model behavior, we ask the question “How would

the models behave if provided with the test example

itself in the prompt?". The bottom part of Table 3

shows the difference between GPT and Qwen in

this ‘cheating’ setting. Despite being provided with

the test example in the prompt, both models fail

to reach a 100% accuracy. The GPT model even

scores below 90%, probably due to its focus on

reasoning.

Accuracy Across Categories Table 4 shows the

breakdown of accuracy per utterance category for

GPT and Qwen using similarity-based example se-
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Model Num Acc Acc

examples SIM CAT+RAND

GPT

3 0.634 -

5 0.672 0.543

10 0.672 0.592

20 - 0.638

30 - 0.621

40 - 0.657

50 - 0.686

Qwen

3 0.535 -

5 0.592 0.413

10 0.613 0.476

20 - 0.533

30 - 0.564

40 - 0.583

50 - 0.596

Answer in the prompt (cheating)

GPT 10 0.882 -

Qwen 10 0.943 -

Table 3: Comparison of example selection methods:

random from the same category (CAT+RAND) or using

similarity (SIM).

lection. The last two columns correspond to direc-

tives issued with a non-empty stack while the robot

is executing an action sequence, where a user inter-

rupts an ongoing successful execution or attempts

to recover from a failed execution. As both models

achieve low accuracy on these directives (<= 0.5),

we conclude that even with GPT’s reasoning ca-

pabilities and the presence of similar examples,

adjusting the plan after an interruption remains

challenging for the models.

We observe that Qwen has much lower accuracy

than GPT on examples following an execution fail-

ure, as well as on interruptions with a Null context,

where an expert corrects the interpretation of the

initial command. This indicates that GPT’s rea-

soning capability may be useful for interpreting

error-recovery directives.

Qwen degrades more than GPT as the number

of few-shot examples in the prompt decreases. For

non-interruptions with a Null context (initial utter-

ances in dialogue), when the number of examples

is reduced from 10 to 3, Qwen’s accuracy drops by

20 percentage points, from 0.616 to 0.411, while

GPT drops only by 7 points, from 0.575 to 0.507.

These utterances are likely high-level commands

requiring the model to plan. As GPT is a larger

model with an innate capability to produce plans

for high-level commands, it is able to do so with

fewer examples.

Effect of Shortcuts During annotation of in-

terrupting utterances, we introduced the ‘CON-

TINUE’ shortcut (see Section 3.1). Instead of an-

notating the full sequence of actions, the shortcut

indicates that the plan should continue from the

point of interruption or failure. If the model pre-

dicts a CONTINUE label, it is expanded during ex-

ecution to the full action sequence, extracted from

the symbolic state. The few-shot examples in both

conditions are identical except that the interpreta-

tion without the shortcut consists of full sequences

of API calls. Table 5 shows that without shortcuts,

both models struggle to generate a plan for inter-

rupting utterances, demonstrating the effectiveness

of simplifying the LLM’s task and combining it

with symbolic processing.10

5 Related Work

Building embodied communicative agents capable

of following user instructions while assisting in

physical spaces has gained significant attention in

AI research. These agents follow user instructions

navigating in virtual spaces (Anderson et al., 2017),

performing tasks (Blukis et al., 2022), and answer-

ing questions about the environment (Das et al.,

2018; Gao et al., 2022). Agent-initiated interac-

tion with the user has been shown to be effective

for navigation (Shen et al., 2025; Chi et al., 2020;

Thomason et al., 2020; Anderson et al., 2017) and

object-search tasks (Nguyen et al., 2019). In this

work, we address interpretation of utterances initi-

ated by the user that may be interrupting the agent

in its task execution.

As LLMs encode rich semantic knowledge about

the world, they have been used to solve long-

horizon manipulation tasks for robots (Ahn et al.,

2022; Lin et al., 2023). Our goal aligns closely with

code generation using LLMs, as we aim to produce

sequences of API calls to instantiate pretrained

robot functions (Huang et al., 2022a; Wang et al.,

2023; Dalal et al., 2024; Shridhar et al., 2020).

A small number of relevant examples can have a

large impact on the model performance leading to

studies on the effect of dynamic example selection

methods (Pecher et al., 2024; Adiga et al., 2024).

As dynamic example selection has been shown ef-

fective for embodied planning (Sarch et al., 2023;

10Since shortcuts were only used for interruptions after
successful of failed execution, we report comparison only for
these categories.
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Execution Stack Empty Not empty

Action sequence finished executing User interrupts or execution fail

Last execution Null Success Fail (final) Null Success Fail

(Utt type) (New cmd) (New cmd) (New/Corr.) (Corr.) (Interrupt) (Recover)

MODEL # ex

GPT 10 0.575 0.742 0.784 0.680 0.500 0.424

Qwen 10 0.616 0.713 0.595 0.420 0.500 0.303

GPT 5 0.575 0.754 0.703 0.640 0.553 0.424

Qwen 5 0.548 0.672 0.622 0.420 0.579 0.333

GPT 3 0.507 0.721 0.649 0.640 0.447 0.455

Qwen 3 0.411 0.643 0.595 0.380 0.474 0.242

Table 4: Performance of GPT and Qwen across categories using the similarity-based (SIM) example selection

method with 3, 5, and 10 examples. The utterance type (new command, correction, or interruption) is inferred from

the context type.

MODEL Shortcuts After

Success

After

Fail

GPT
YES 0.500 0.424

NO 0.237 0.333

Qwen
YES 0.500 0.303

NO 0.211 0.121

Table 5: Accuracy with and without CONTINUE short-

cuts in the annotations for interrupting utterances. The

prompt includes 10 few-shot SIM examples.

Song et al., 2023), we employ it in our system to

improve the performance of contextual interpreta-

tion of utterances issued during plan execution.

Padmakumar et al. (2022a) introduce a dataset

of task completion human-human interactions in

a virtual environment where the commander gives

instructions and the follower plays the role of a

robot. The majority of commander utterances in

this dataset are issued while the follower is execut-

ing a task, which serves as motivation for our work.

While human-human data may not be directly suit-

able for automatic agents (Min et al., 2022), we col-

lect a dataset of human-system interactions which,

to our knowledge, is the first such dataset contain-

ing user utterances that interrupt robot actions.

Recent advances in vision-language-action mod-

els map language directly to robot joint manip-

ulation (Kim et al., 2025; Gemini Robotics Team

et al., 2025). When combined with reasoning, these

models are likely to supersede neuro-symbolic ap-

proaches.

6 Summary and Future Work

We build an interactive multimodal interface for

controlling a robot in a virtual environment and use

it to collect a human-robot interaction dataset. The

dataset includes user utterances that interrupt ongo-

ing plan execution and provide corrections during

execution failures. A pretrained LLM, provided

with few-shot examples interprets users’ natural

language directives into executable robot manipu-

lation calls.

We explore a novel expert-in-the-loop methodol-

ogy to collect and annotate an interactive dataset,

where an expert user directs a robot in a physical

task while simultaneously providing annotations.

Using the collected dataset, we compare the per-

formance of a reasoning-enabled GPT model and a

non-reasoning open-source model.11

We confirm that using similarity-based method

to select few-shot examples, along with symbolic

shortcuts, improves interpretation accuracy. Our ex-

perimental results indicate that action-interrupting

and failure-recovery commands are more challeng-

ing for the models to interpret. While both mod-

els achieve similar accuracy on the user directives

following successful execution, interpreting utter-

ances after an execution failure benefits from ‘rea-

soning’, suggesting the need for an approach adap-

tive to the situation.12

Next, we plan to evaluate the proposed inter-

active robot interface by analysing objective task

success and subjective user experience. Our next

avenue of research will focus on multimodal and

continuous state representation with the use of Vi-

sion and Speech Language Models to natively pro-

cess scenes and spoken commands.

11We evaluate gpt5-mini and Qwen3-4B, deliberately avoid-
ing very large models, which are impractical for an interactive
system that must process utterances at every turn.

12GPT-5 already does this by choosing when to ‘reason’.
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A System prompt

This is the instructions prompt provided to the LLM.

Instruction Prompt

You are a household robot. You are given a dialogue snippet that contains information about the

task you should execute.

You job is as follows:

Please respond in json format with the fields: intent, plan, and explanation.

Intent is one of:

Social

Command

Question

if the intent is a command, generate a sequence of subgoals from the following list to execute

Find(Object)

Go_to(Object)

Pick_up(Object)

Place(Object,Receptacle)

Open(Object)

Close(Object)

Toggle_on(Object)

Toggle_off(Object)

Slice(Object)

Pour(Object)

Motion(MotionType)

Any MotionType generated in the subgoals SHOULD be chosen from the following:

RotateRight, RotateLeft, MoveAhead, MoveBack, MoveLeft, MoveRight

Any Object or Receptacle generated in the subgoals or objects of interest SHOULD be chosen from

the following list:

alarmclock, aluminumfoil, apple, applesliced, armchair, baseballbat, basketball, bathtub,

bathtubbasin, bed, blinds, book, boots, bottle, bowl, box, bread, breadsliced, butterknife, cd,

cabinet, candle, cellphone, chair, cloth, coffeemachine, coffeetable, countertop, creditcard,

cup, curtains, desk, desklamp, desktop, diningtable, dishsponge, dogbed, drawer, dresser,

dumbbell, egg, eggcracked, faucet, floor, floorlamp, footstool, fork, fridge, garbagebag,

garbagecan, handtowel, handtowelholder, houseplant, kettle, keychain, knife, ladle, laptop,

laundryhamper, lettuce, lettucesliced, lightswitch, microwave, mirror, mug, newspaper, ottoman,

painting, pan, papertowelroll, pen, pencil, peppershaker, pillow, plate, plunger, poster, pot,

potato, potatosliced, remotecontrol, roomdecor, safe, saltshaker, scrubbrush, shelf,

shelvingunit, showercurtain, showerdoor, showerglass, showerhead, sidetable, sink, sinkbasin,

soapbar, soapbottle, sofa, spatula, spoon, spraybottle, statue, stool, stoveburner, stoveknob,

tvstand, tabletopdecor, targetcircle, teddybear, television, tennisracket, tissuebox, toaster,

toilet, toiletpaper, toiletpaperhanger, tomato, tomatosliced, towel, towelholder,

vacuumcleaner, vase, watch, wateringcan, window, winebottle

Append suffix _X to the Object and Receptacle when the user refers to an object mentioned in

the state.

User input includes a user utterance followed by the current system STATE.

STATE inculdes discussed_objects, holding, and old_plan

The discussed objects is a list of string descriptions with each string describing an discussed

object refernced by its id.

The ids have the form Name_suffix where name is the the Name is a string corresponding to the

object name (e.g. pot, potato) and suffix is an integer followed _ e.g. Pot_0, Plate_0, Plate_1.

Each object id is unique.

holding is the object that the robot is holding.

old_plan is the plan that the robot is currently executing or has finished executing.

Each step of the plan has a suffix _SUCCESSFUL, _FAILED, or NOT_ATTEMPTED.
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If all plan steps have status _SUCCESSFUL, then the old plan has finished executing.

If a step of the plan has status _FAILED, the this step has failed to execute. In this case,

the user's sentence provides correction that should fix the plan.

The steps with status NOT_ATTEMPTED have not been executed. The user provides a correction or

change of plan.

Your job is to interpret the user utterance and provide a new plan.

Look carefully at the old_plan. Write an explanation that describes your reasoning to derive

interpretation of the user instruction.

Look carefully at the discussed_objects. If user is referring to the objects or receptacles in

this list, use the appropriate IDs in the plan.

If the user refers to a new object, the plan should use the object name with the suffix _X

where X is not one of the suffixes in the discussed_objects.

You can only place an object if you are holding it. Place(X) if X is listed as held object or

following Pick_up(X).

You can hold one object at a time. Pick_up(X) is valid iff no objects is held or after Place(X)

for the held object.

You can slice an object such as apple, potato, etc. The object to be sliced should be placed on

a receptacle such as a table or a cupboard. You should be holding a knife.

B Few-shot Examples

To guide the system, we append a set of in-context examples to the prompt. These examples were collected

through interactions between an expert user and the system.

An example of an initial command of a dialogue: the execution stack is Empty, as old_plan contains no

NOT_ATTEMPTED actions (i.e., is empty), and execution status is Null.

In-context Example: new command

<USER> lets fill a bottle; STATE: {"discussed_objects": [], "old_plan": [], "holding": ""}

<ASSISTANT>{"explanation": "", "intent": "Command", "plan": ["Pick_up(bottle_0)",

"Go_to(sinkbasin_0)", "Toggle_on(faucet_0)", "Toggle_off(faucet_0)"]}

An example where a user corrects an execution failure: the execution stack is Not empty as the old_plan

contains NOT_ATTEMPTED actions. The execution status is Fail because the status of last executed

action in the old_plan is FAIL.

In-context Example: correction

<USER> maybe use table instead;

STATE: {

"discussed_objects": ["cup_0 is FilledWithLiquid, is on top of a countertop_0 ; ",

"countertop_0 , has on top Knife, Cup, Pan, DishSponge, Toaster, Bread, SoapBottle,

ButterKnife, Faucet, Knife, Faucet; ", "mug_0 is FilledWithLiquid, is Dirty, is inside a

Cabinet ; ", "cabinet_0 , has inside Bread; ", "cabinet_1 ; ", "cabinet_2 , has inside Tomato;

", "cabinet_3 , has inside SaltShaker, Tomato; ", "cabinet_4 ; ", "mug_1 is FilledWithLiquid,

is on top of a CounterTop and on top of a coffeemachine_0 ; ", "sinkbasin_0 , has inside Cup;

", "faucet_0 is on top of a countertop_0 ; ", "coffeemachine_0 is Toggled, is on top of a

CounterTop , has on top Mug; ", "apple_0 is PickedUp, ; ", "fridge_0 is Open, is on top of a

Floor , has inside SoapBottle, Tomato, Apple, Lettuce, Bowl, Apple, Knife, SoapBottle, Spoon,

Potato, DishSponge; "],

"old_plan": [{"command": "Place(apple_0, countertop_0)", "status": "SubgoalStatus.FAILED"},

{"command": "Pick_up(knife_0)", "status": "SubgoalStatus.NOT_ATTEMPTED"}, {"command":

"Slice(apple_0)", "status": "SubgoalStatus.NOT_ATTEMPTED"}], "holding": "apple_0"

}

<ASSISTANT>{
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"explanation": "replace countertop_0 with diningtable_0 in the plan. Perform all steps

starting with the failed one.",

"intent": "Command",

"plan": ["Place(apple_0, diningtable_0)", "Pick_up(knife_0)", "Slice(apple_0)"]

}

An example where the user interrupts ongoing (successful) execution: the execution stack is Not empty

because old_plan contains NOT_ATTEMPTED actions. The execution status is Success because the

status of last executed action in the old_plan is SUCCESS.

In-context Example: interruption

<USER> clear the sink first and then wash the mug;

STATE: {

"discussed_objects": ["cup_0 is FilledWithLiquid, is on top of a countertop_0 ; ",

"countertop_0 , has on top Spatula, Cup, Toaster; ", "mug_0 is Dirty, is on top of a Sink ; ",

"sinkbasin_0 , has inside SprayBottle, PepperShaker; "],

"old_plan": [{"command": "Place(mug_0, sinkbasin_0)", "status": "SubgoalStatus.SUCCESSFUL"},

{"command": "Toggle_on(faucet_0)", "status": "SubgoalStatus.NOT_ATTEMPTED"}, {"command":

"Pick_up(mug_0)", "status": "SubgoalStatus.NOT_ATTEMPTED"}], "holding": ""

}

<ASSISTANT>{

"explanation": "take all objects out of the sinkbasin, then place the mug into the sinkbasin

to wash and continue making coffee", "intent": "Command",

"plan": ["Pick_up(spraybottle_0)", "Place(spraybottle_0, countertop_0)",

"Pick_up(peppershaker_0)", "Place(peppershaker_0, countertop_0)", "Pick_up(mug_0)",

"Place(mug_0, sinkbasin_0)", "Toggle_on(faucet_0)", "Pick_up(mug_0)",

"Place(mug_0,coffeemachine_0)"]

}

C Output Pre-processing

‘Goto(object)’ is one of the S actions of the robot’s API that navigates the robot towards object X. The

executor treats the ‘Goto(object)’ command as implicit, executing it when necessary: for an object

manipulation command, such as ‘Pickup(object)’, if a robot is not near object X, the executor first

executes ‘Goto(object)’.

Hence, the two possible interpretations for a command “pick up the apple"

‘Goto(apple);Pickup(apple)’ and simply ‘Pickup(apple)’ are semantically equivalent. During the

evaluation of LLM’s interpretation, to avoid penalizing models for inserting superfluous Goto(object),

we remove ‘Goto(object)’ when it precedes an object manipulation command.
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