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Abstract: Large Language Models (LLMs) provide cognitive capabilities that enable robots to interpret
and reason about their workspace, especially when paired with semantically rich representations like
semantic maps. However, these models are prone to generating inaccurate or invented responses,
known as hallucinations, that can produce an erratic robotic operation. This can be addressed by
employing agentic workflows, structured processes that guide and refine the model’s output to improve
response quality. This work formally defines and qualitatively analyzes the impact of three agentic
workflows (LLM Ensemble, Self-Reflection, and Multi-Agent Reflection) on enhancing the reasoning
capabilities of an LLM guiding a robotic system to perform object-centered planning. In this context,
the LLM is provided with a pre-built semantic map of the environment and a query, to which it
must respond by determining the most relevant objects for the query. This response can be used in a
multitude of downstream tasks. Extensive experiments were carried out employing state-of-the-art
LLMs and semantic maps generated from the widely-used datasets ScanNet and SceneNN. Results
show that agentic workflows significantly enhance object retrieval performance, especially in scenarios
requiring complex reasoning, with improvements averaging up to 10% over the baseline.

Keywords: large language models; robotics; agentic workflows; reflection; semantic maps; object-
centered planning

1. Introduction

Mobile robots are performing tasks of increasing complexity while also being deployed in an ever-
expanding range of applications in fields such as home assistance, industry, healthcare, and education
[1]. To effectively and autonomously complete these tasks, robots must have advanced cognitive
capabilities enabling them to perceive, understand, and interact with their surroundings intelligently.
Such capabilities, in turn, must be grounded in semantically rich representations of the environment,
such as semantic maps [2-5]. These models encapsulate information about both the physical elements
within the workspace (e.g. , objects, rooms, etc.) and their associated semantics (e.g. , properties,
functionalities, relationships, etc.), providing robots with a comprehensive understanding of their
environment and how to interact with it. For example, in a household environment, this information
may include that kitchens are rooms for cooking (functionality) that contain appliances such as stoves
and ovens (relationships), that refrigerators are used to store perishable food (functionality), and have
a box-like shape (property), or that dining tables and chairs are used together for eating (relationships
and functionality).

To accomplish specific tasks, robots leverage these representations to reason about the factual
data acquired from the workspace and their semantics, inferring a plan —a process formally known
as planning. If the planning focuses on the identification of the most relevant objects for the task, it
can be referred to as object-centered planning. This requires reasoning about objects’ functionality and
properties to guide effective decisions. For instance, a robot in a kitchen tasked with preparing toast
for breakfast must identify and localize the objects relevant to this task, such as a toaster, bread, etc.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Traditionally, ontologies [6] have been used to formally codify semantic knowledge using languages
such as RDF [7] or OWL [8], which can be accessed through query languages such as SPARQL [9]. The
retrieved information can then be used by rule-based languages like SWRL [10] (e.g. , Bread(?b) and
Toaster(?t) -> canToast(?t,?b)) or planning languages like PDDL [11] to generate plans to solve
the task at hand. Notice that these approaches rely on predefined knowledge and rules, meaning that
anything beyond this scope lies beyond the robot’s understanding; the robot is endowed with a closed
knowledge base. This results in a lack of adaptability so that the robot can only handle predefined objects,
tasks, and scenarios, which also leads to scalability issues as the range of tasks and the complexity of
the environment increase.

Recent research has explored the utilization of Large Language Models [12-16] in robotic planning
pipelines to address these limitations [17,18]. Trained on vast amounts of real-world data, these models
offer a more flexible and comprehensive understanding of the diverse situations in which a robot
may find itself. In this approach, the careful definition of LLM inputs —commonly called prompts— is
essential, as prompt engineering techniques can significantly improve model performance [19]. In this
context, prompts are not fixed, but templates where managed information (e.g. , a semantic map, a
user query, etc.) is inserted. However, a major disadvantage of relying on LLMs is their tendency to
produce incorrect, inaccurate, or invented information, a phenomenon known as hallucination [20]
that can potentially lead to erroneous robot behavior.

To mitigate the risk of hallucinations, recent advancements have introduced agentic workflows to
enhance the quality of responses produced by these LLM-driven systems. These workflows allow
LLM systems to incorporate actions beyond simply generating text. For example, the Tool Use agentic
workflow [21-23] provides models with access to external resources (e.g. databases, calculators,
sensors, APIs) to supplement the model with more reliable sources of information than its mere
internal knowledge. Another particularly promising agentic workflow is Reflection [24,25], where
the model autonomously evaluates its outputs by reviewing its responses, generating feedback and
making refinements without relying on external resources. However, the effectiveness of this technique
in the context of object-centered planning has yet to be thoroughly evaluated.

To address this gap, in this work, we present a quantitative evaluation of the impact of using
reflection-based agentic workflows in state-of-the-art LLMs for planning tasks. Specifically, we first
formally define the application of three agentic workflows for this task: (1) Self-Reflection, where the
LLM independently reviews and refines its responses; (2) Multi-Agent Reflection, involving multiple
models generating responses, generating feedback and collaborating; and (3) LLM Ensemble, which
uses several LLMs to generate a set of responses and then an evaluator LLM to choose the one
with the highest quality. Given the lack of a standard dataset for evaluating these techniques in the
object-centered planning context, we also contribute a novel dataset consisting of semantic maps,
predefined queries, and annotated responses. To set up this dataset, we generated semantic maps
from five scenes each from the popular ScanNet [26] and SceneNN datasets [27] using Voxeland [28],
a probabilistic framework to build semantic maps that account for the inherent uncertainty of the
object detection process. The queries simulate real-world user requests to a robot equipped with a
semantic map representation and are categorized into three types: Descriptive, Affordance, and Negation,
each presenting varying levels of complexity. The responses were first generated using an LLM and
then refined using a Graphical User Interface (GUI) to ensure quality assurance. Finally, the dataset is
used to evaluate the formalized techniques against a baseline LLM, assessing their impact on response
quality.

The results revealed that agentic workflows improve response quality, particularly for queries
requiring complex reasoning. Specifically, the Self-Reflection workflow achieved a maximum improve-
ment of 10%, Multi-Agent Reflection 9.67%, and LLM Ensemble 4.67%. We also analyzed how the
complexity of the semantic map affects overall performance, finding an inverse relationship between
the number of objects in the map and performance, which is mitigated by agentic workflows compared
to the baseline. Finally, we present the results of a root cause analysis for incorrect responses.
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The dataset and the implementation used in our experiments are publicly available at
https:/ / github.com /MAPIRIab/llm-robotics-reflection.git.

2. Related Work

Semantic mapping refers to the process of linking factual information of elements in the robot
workspace, typically collected through onboard sensors (RGB-D cameras, laser scanners, etc.) and
aggregated in the form of some spatial primitive (occupancy grid maps, point clouds, bounding boxes,
voxelized maps, etc.), with their semantics (properties, functionalities, relations, etc.) [29,30]. When
this process focuses on modeling the objects within the workspace, it is called object-oriented semantic
mapping [31].

Based on how semantic information is integrated into the representation of the workspace,
semantic mapping approaches are divided into two groups: dense semantic mapping, which annotates
each geometric primitive (e.g. a 3D point, a voxel, etc.) independently with its semantics [32,33],
and instance-level semantic mapping, which represents objects as individual instances [34,35]. In
either case, modern semantic mapping pipelines incorporate deep learning-based techniques to detect
object categories [36] or instances [37] in input images. Recent works are replacing or complementing
these networks with large vision-language models (LVLMs), enabling them to detect object categories
beyond those considered in the network fitting [17].

In this work, we rely on Voxeland [28], a state-of-the-art probabilistic framework for building
instance-aware semantic maps that can integrate any modern technique for object detection. This way,
we evaluate the considered agentic workflows under realistic conditions, that is, with semantic maps
built from comprehensive datasets using state-of-the-art techniques.

Semantic map exploitation for planning using LLMs involves translating natural language
prompts into robot action plans, an approach that has become a growing trend due to the arrival of
LLMs and their outstanding reasoning capabilities. Early studies, such as [11,38-40] exploited LLMs in
semantic representations for this purpose though they are limited to single-room scenes. More recently,
Sayplan [18] addresses this limitation by focusing on large-scale scenes, enabling LLM-based planning
in more complex environments. Given a pre-built semantic map and a user query, SayPlan uses LLMs
to identify the most relevant subset of the semantic map for the task, plan the robot’s actions, and
re-plan if the initial plan fails. One of the limitations of these approaches is the reliance on LLMs and
their responses, which are known to sometimes include incorrect, inaccurate, or fabricated information,
resulting in erroneous robot behavior.

In this work, we consider the simplified problem of object-centered planning, with responses
limited to a list of suitable objects from the semantic map for the query, and quantitatively evaluate the
impact of agentic workflows when dealing with this kind of tasks.

LLM response improvement has been an active research area since the advent of language
models. Early works identified a misalignment between the LLM’s primary objective, predicting the
next token in a sentence, and the user’s goal of having the LLM accurately follow instructions [41].
To address this gap, researchers initially relied on external supervision which required large training
datasets [42] or costly human annotations [41], usually followed by a fine-tuning process of the model.
Subsequently, more flexible approaches emerged, such as Chain-of-Thought [43] prompting, which
basically encourages the model to generate intermediate reasoning steps before generating a response.
Prompting techniques, which involve only modifying input prompts following a certain approach and
no extensive training, have proven to be highly effective in improving response quality [44].

Further developments have evolved from prompting techniques to agentic workflows, which are
structured, more complex processes that guide model responses through iterative refinements. One
notable contribution in this area is Self-Refine [24], a method in which the model iteratively improves its
outputs based on self-generated feedback. This work, along with others [21,25,45], has demonstrated
the importance of LLMs reviewing their responses to generate refinements, a verbal reinforcement
learning technique commonly referred to as Reflection. Complementing reflection-based methods,
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multi-agent frameworks represent another trending line of research for enhancing LLM response
quality [46-48]. In these workflows, a global task is distributed among several LLM-based agents, each
assigned a specific role and responsible for completing certain sub-tasks. To accomplish their sub-task,
they use their own reasoning capabilities and communicate with other agents, which converts the
generation of the final response into a collaborative refinement, and may result in the overall system
solving complex problems that it could not solve before. This multi-agent paradigm has proven to
be especially effective in software development [46,47] due to its similarity with the collaborative
nature of a real software project. Other works have generalized the multi-agent paradigm, making it
adaptable to a wide range of applications [48].

In this work, we formally define and evaluate various forms of agentic workflows, especially
those based on reflection and multi-agent communication.

3. Method

Simply put, an object-oriented semantic map contains a set of objects defined by physical features
(geometric properties like position or size, appearance, etc.) and semantic information (e.g. object
category, descriptive captions, relationships). Based on a scene’s pre-built semantic map, an object-
centered planning system receives a natural language query as input and responds with a list of the
objects in the scene most related to the query as output. The addressed problem is formulated in more
detail in Section 3.1.

Integrating an LLM into object-centered planning offers advantages such as enhanced reasoning
capabilities, access to a broader open knowledge base with real-world information, and natural
language understanding (see Section 3.2). However, this approach places significant trust in the
model’s responses, which may be incorrect, inaccurate, or fabricated. For this reason, it is advisable to
refine the responses obtained, and one of the most promising methods to do so is to use LLM agentic
workflows. The next sections formally define the three agentic workflow variants under study. Briefly,
by incorporating the Self-Reflection workflow (see Section 3.3) the model generates feedback on its
own answers and then refines them based on this feedback. Implementing the Multiagent Reflection
workflow (see Section 3.4), three LLM-based agents work collaboratively: one generates the answers,
another provides feedback, and the third agent refines the answers according to the feedback. In the
LLM Ensemble workflow (see Section 3.5) multiple LLMs produce responses, and another is tasked with
selecting the most appropriate from these options. All these workflows are summarized in Figure 1.

Finally, we describe the context for quantitatively evaluating these workflows performance (see
Section 3.6), which includes the presentation of a novel dataset specifically tailored for this task (see
Section 5).
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Figure 1. Overview of the baseline approach (a) and the presented workflows: LLM Ensemble (b), Self-Reflection
(c), and Multi-Agent Reflection. Semantic maps are represented in gray, queries in red, intermediate responses in
orange, feedback on responses in blue, and enhanced responses in green.

3.1. Problem Formulation

In essence, a semantic map of a 3D environment m can be defined as:
m = {01,. .., 0N | 0; = (Ci,di,li,pi),Vi S {1,. ,N}}

where:

e ¢; € R3 represents the i-th object’s localization (e.g. the local center of coordinates of the bounding
box).

e d; € R? represents the i-th object’s dimensions (e.g. the dimension of the bounding box).

e [; € L is the semantic label assigned to the i-th object, being £ the set of all possible semantic
classes (e.g. table, chair, vase, etc.).

*  p;isalist of possible additional properties describing the i-th object.

Note that p; can be used to store supplementary information relevant to the problem at hand, such
as uncertainties in object classifications, multiple semantic labels each with a confidence score, or
relationships among objects in the semantic map. Voxeland, the technique we have resorted to build
semantic maps, is further described in Section 4.1.

In this context, given a semantic map of a working environment m and a natural language query
x, a system performing object-centered planning 7t generates a response y consisting of a list of objects
from the semantic map related to that query:
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y=mn(m,x)=[o; |je]CI] ©)

where [ is the set of indices of objects in the environment and | C I denotes the selected objects’ indices.
This list of objects should be ordered according to each object’s relevance to the query x, with the most
convenient objects first. Notice that, as | can be @, the system can conclude that no object in the scene
is convenient for query x.

3.2. Baseline

An object-centered planning system can leverage the advanced reasoning abilities of LLMs to
enhance their understanding of the scene and provide more accurate answers. A baseline approach
for implementing this would be considering an arbitrary LLM, M, which plays the role of 7w and
generates a response when provided with a prompt where all the information regarding the problem
is included. More specifically, this prompt, Pplans should embed both the semantic map m and the
natural language query x (see Figure 1(a)). It should also be specifically designed for the task at hand,
instructing the LLM to generate a response consisting of a list with the objects most convenient for
acting x. To enable LLMs to work with and understand a semantic map m, we must represent it in a
way that is compatible with these models. To this end, a commonly used approach is representing
maps in JSON format [17], myson. The specific structure of these JSON files is not crucial, as long
as a description of its particular structure is provided to the LLMs in the prompts. Thus, Eq. (1) is
particularized for the baseline approach as follows:

Yo = M(pppan [myson||x) )

Note that || denotes concatenation.

When working with LLMs, it is both possible and desirable to request more information from
models than is strictly necessary to accomplish the task, i.e. the list of objects. As in [17], for each
request, we ask the model to generate the following additional information:

* Inferred query: a short interpretation of the query.

*  Query achievable: whether or not the user query is achievable using the objects in the semantic
map.

¢  Explanation: brief explanation of what are the most relevant objects, and how they can be used to
achieve the task.

Asking for this extra information can improve response quality [43] and provides insight into the
model’s reasoning process, which is essential for the iterative refinement of prompts.

Examples. To enhance the LLM’s understanding of the task, few-shot prompting —also known
as "in-context learning"— [49] has proven to be an effective technique across various domains. This
technique provides the model with k in-context examples of the task, where each example pairs
an input with the desired model’s output. In our case, examples within p;,, follow the format
(my, xy — yx), where my represents a small semantic map tailored for the example, xy is an example
query, — denotes model text generation, and vy is the expected response.

3.3. Self-Reflection

Building upon the baseline approach, the first of the agentic workflows considered in this work
for evaluation is the popular Self-Reflection [24,25]. This workflow extends the operation of the baseline
by including a second step in which the LLM reflects on the initial response to provide feedback. The
latter is then exploited to refine and improve the initial response (see Figure 1(c)). By reflecting on
the plan offered in the first instance the LLM can refine it, by providing clearer explanations or even
correct errors that would have resulted in the erroneous execution of the task, for example.

The reflection and refinement prompts are crucial in this workflow and must be designed accord-
ingly. The reflection prompt p_ g instructs the model to evaluate a previously generated response
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regarding three evaluation criteria: correctness, relevance, and clarity. Correctness ensures that the
inferred query and all relevant objects have been correctly identified and that the response is in the
expected format. Relevance, on the other hand, assesses that objects are correctly ordered depending
on relevance, none of them is omitted, and none is over. Finally, clarity assesses that the explanations
provided are simple and unambiguous. Based on this evaluation, the model is asked to provide a
list of clear, concise, and actionable suggestions for improving the preliminary response. Next, the
refinement prompt p_ .. requires the model to return a revised response, with the same format as
the original, but incorporating the modifications suggested in the reflection step. This self-reflection
process can be repeated iteratively. Notice that these prompts are intentionally interconnected to help
the LLM better understand the flow of information in the task at hand. This means that p 4, includes
not only the initial response but also a brief summary of the LLM prompt that produced it. Similarly,
Prefine iNcludes short summaries of initial response and feedback generation prompts.

Thus, after the first response is generated through Eq. (2), the process of self-reflection comes into
play using p,.q.- Where the query provided by the user x, the semantic map m, and the previous
response ¥ (o in the first iteration) are inserted. With this input, the model M generates feedback on
the t—th response, fb;:

tby = M(preﬂecth]SON”x”yf) ®3)

Once the feedback fb; is generated, the refinement prompt p_ ... is built using both the previous
response y; and its corresponding feedback fb;. The output of this step is an enhanced response, y;41:

Yi+1 = M(Prefine Imyson ||y || fbr) 4)

Regarding iterations, this process can be performed a fixed number of times or may depend on a
different stopping condition. In case a stop condition is used, it could be external (e.g. the relevant
objects have been the same in the last two response refinements) or requested in p_ g [24]. The
latter option would entail modifying p, g to ask the LLM to report whether the reflected answer is
acceptable enough.

Memory. Given the iterative nature of this process, it is possible to make LLMs recall previous
requests and responses by preserving the conversation history. In our context, this technique can be
useful in both reflection and refinement stages. By reflecting and recalling previous messages, the
LLM can avoid generating feedback on aspects that have already been evaluated. Similarly, refining
and recalling previous interactions prevents the LLM from making mistakes that have already been
corrected. With this approach, every time the LLM is going to generate feedback fb; on response y;,
all previous responses and feedback generated on them from (yo — fbg) to (y;—1 — fb;_1) will be
recalled, so Eq. (3) changes to:

fbt = M(PyefiectMyson || x[[yo — fbol|...|ye—1 — fbr_1]ly:) ®)

Likewise, on each response refinement ;1 generated from response y; and feedback fb;, all previous
preliminary responses, feedback and refinements from (yo,fbg — 1) to (yi_1,fbi_1 — y;) will be
recalled, so Eq. (4) changes to:

Yir1 = M(Pregine lmysonllvo, fbo = yill--[lyi—1,fbi1 — yilly, fbr) (6)

This type of memory is often referred to as short-term memory and primarily aids context-aware
decision-making [46]. However, its primary limitation is that information is lost when the conversation
history exceeds the LLM’s context window. When this occurs, the LLM "forgets" the earlier interactions.
This problem could be solved with long-term memory techniques, e.g., every few iterations, an LLM
could summarize the key points from previous iterations of the conversation and incorporate this
information into the workflow prompts. Despite this, the fact that early reflection iterations contribute
most to improving response quality [24] makes our process not to require a large number of iterations.
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Furthermore, state-of-the-art LLM context windows are continuously expanding, so this short-term
memory is enough in our case.

Examples. Same as for Pplans PTOMPLS Progect and p,.¢ine Can also incorporate in-context examples
to improve problem understanding by the model. In the case of p ..., ©xamples will be of the form
(my, xg, yx — fby), with vy representing a response to generate feedback on, and fby being the expected
feedback. In the case of p, .., examples will be of the form (my, yi, fby — y§), with y{ representing
the expected refined response. Again, my, represents a reduced semantic map tailored for the example
at hand.

3.4. Multi-Agent Reflection

The Multi-Agent Reflection workflow utilizes three different LLMs acting as agents: one to gen-
erate initial planning responses (planner agent), another to provide constructive feedback on the
responses (feedback agent), and a third to refine responses based on the previously generated feedback
(refinement agent) (see Figure 1(d)).

Prompts with which each agent is equipped in this workflow differ slightly from those explained
in Section 3.3. While the prompts in the Self-Reflection workflow instruct LLMs to perform specific
tasks, the prompts in the Multi-Agent Reflection workflow instruct each model to adopt a particular
role, functioning as an independent agent responsible for a specific part of the process. For example,
while Pplan 18 framed as "Generate a plan for this query on this semantic map...", the equivalent prompt
used in this workflow pglan is framed as "You are an agent in charge of generating responses to queries
based on this semantic map...". The same applies for p, ... With pge and Progine With i .-

Thus, the planner agent will behave similarly to Eq. (2), with the particularity of prompt pglan:

Yo = M(pppanlmyson||x) (7)

In turn, the feedback agent will act as Eq. (3) but using p? ..

tby = M(p?eﬂecth]SON”x”yf) (8)

And the refinement agent behaves as Eq. (4), but using pi . :

Yir1 = M(PleginelImyson lye, fbr) )

As derived from Eq. (8) and Eq. (9), feedback and refinement agents can iterate until the specified
stopping condition is met, as described in Section 3.3.

Memory. Although the above formulation does not include short-term memory, this is usually a
characteristic of LLM-based agents [46,48]. It can be easily implemented by incorporating the prompts
Pleflect aNd Pigine in Eq. (5) and Eq. (6).

Examples. Since the task the agents should accomplish is the same as in Self-Reflection, in-context
examples in prompts will have the same structure, and can be reused without modification.

3.5. LLM Ensemble

In the LLM Ensemble workflow, multiple LLMs generate different responses to a query based on
a semantic map. The best response from these options is then selected based on specific criteria (see
Figure 1(b)). Each LLM on the ensemble may have different characteristics (e.g. architecture, model
size, training data), though this is not essential, as the same LLM can produce various outputs for
the same inputs due to the inherent randomness in its generation process [12]. While the planning
generation prompt p.,., can remain unchanged, this workflow requires an additional prompt p o,
which instructs the model to select the most appropriate response for the task from a list. This selection
prompt should only include the responses without indicating which model generated each answer, to
avoid potential bias [50].
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So, supposing we have a number n of arbitrary LLMs M, the first step is to generating a planning
response for each one, which slightly modifies Eq. (2):

Yk = Mi(Pplan Imyson || %) (10)

Then an evaluator LLM M, that is not necessarily different from the ones that generated the answers,
is passed p .. With the previous responses inserted, to generate the definitive answer y.

Yo = Me(Panooselmysonl{ye i) ()

Note that here the response is not refined, but exactly one of the generated by the models in the
ensemble: y. € {yr}7_;.

Memory. As this process is not iterative, the LLM does not need memory to recall previous
utterances.

Examples. Same as for previous prompts, prompt p ... could also implement examples, that
would be of the form (my, yi 1, Yk2, -, Ykn — Y5), with my representing a semantic map tailored for
the example, v 1, Yk 2, -, Yk » being the set of n responses returned by the the ensemble from which one
should be selected, and y; being the chosen answer.

3.6. Agentic Workflows Evaluation Context

To quantitatively evaluate the improvement in responses using these workflows (Self-Reflection,
Multi-Agent Reflection, and LLM Ensemble) with respect to the base model, we rely on a custom-designed
dataset tailored for object-centered planning tasks. This dataset is specifically designed to assess LLMs’
reasoning abilities in terms of spatial understanding, object functionality, and negated instructions.
The following section details the construction of this dataset, including the design of the queries, the
generation of the semantic maps, and the selection of the environments.

4. Dataset Description

The collected dataset for evaluating the agentic workflows comprises 30 queries that simulate
requests that are likely to arise in an indoor working environment. All the created queries forming the
set Q are listed in Appendix A. Each query is intended to be answered by identifying the list of objects
most suitable for completing the specified task. Thus, the ground truth contains the evaluation for
all queries across all semantic maps SM, that is, a list of objects to satisfy each query’s requirements
effectively. Formally, the dataset is defined as:

D= {(x(i),m](é)ON,r(i'j)) | x® ¢ Q, m](é)ON ESM,1<i<m1<j<n} (12)

where:

o x( isa query from the set of queries Q with size m.

. m](é)ON is a map in JSON format from the set of semantic maps SM With size n.
o (i) C OU) is the response to query x(!) when evaluated on map m](éZDN' being OU) the set of all
objects in said map.

4.1. Generating the Semantic Maps

To provide realistic data that could be produced/consumed during typical robot operations, we
employ a state-of-the-art framework to generate semantic maps, rather than using artificial ground-
truth maps that include the entire range of objects in a working environment even if the robot would
be unable to perceive them.

Concretely, we rely on Voxeland [28], a probabilistic framework for incrementally building
instance-aware semantic maps from a sequence of RGB-D images. Voxeland operates by generating a
3D, voxel-based reconstruction of the environment, in which each voxel holds a probability distribution
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over the set of possible object instances within the map. Each object instance, in turn, is annotated
with a probability distribution across the set of possible object categories. This probabilistic framework
enables a more realistic representation, where the true category of each object instance needs to be
interpreted in probabilistic terms, rather than a deterministic label, reflecting the uncertainty inherent
to the object categorization [51,52].

Upon completion of the map generation, Voxeland outputs this information in two parts. First, it
provides the voxel-based environment reconstruction, where each voxel is annotated with instance-
level information, as shown in Figure 2. Second, Voxeland yields a JSON-structured text containing
both geometric and semantic information (i.e. bounding boxes’ centers and dimensions, object catego-
rization in form of a probability distribution, number of observations, etc.) about each map instance.
An example of this JSON output is shown below:

Figure 2. Voxel-based reconstructions generated by Voxeland for scenes from the ScanNet [26] dataset. Gray
voxels represent uncategorized regions, while colored voxels indicate distinct object instances within the map.
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"instances": {
"obji": {
"bbox": {
"center": [3.30, 2.00, 0.36],
"size": [0.23, 0.1, 0.05]
},
"n_observations": 147,
"results": {"cell phone": 0.72, "remote": 0.26, "tie": 0.02}

This JSON-structured text represents the semantic map of the environment, denoted in this work as
myson, and serves as the input to our proposed method. Notice that when building the dataset we
considered the most probable semantic label of each object as the right one (e.g. cell phone in the
previous example).

4.2. Datasets Description

The scenes used to generate the semantic maps in our dataset, along with corresponding queries
and ground-truth responses, come from two widely used publicly available datasets: ScanNet [26] and
SceneNN [27]. Using two different datasets provides heterogeneity in the generated semantic maps, in
terms of scene size and number of objects within it, which enriches the workflow evaluation.

ScanNet is a large-scale dataset consisting of annotated 3D reconstructions of indoor scenes. For
each of its nearly 1,500 scenes, ScanNet provides RGB-D images, semantic annotations, and camera
poses. From this dataset, we selected large scenes containing a high number of objects, specifically
from five different one-story apartments: scene_0000, scene_0101, scene_0392, scene_0515, and
scene_0673.

The SceneNN dataset also provides a collection of annotated 3D reconstructions of indoor scenes.
It also offers RGB-D images, camera poses and ground-truth semantic reconstructions. Scenes selected
from this dataset are generally smaller, with fewer objects than those in ScanNet, and come from a
lounge (scene 011), offices (scenes 030, 078, 086), and a bedroom (scene 096).

4.3. Queries Design

Following the categorization in [17], queries in Q are divided into three types according to the
required reasoning: descriptive, affordance, and negation.

e Descriptive queries prompt the system to identify objects based on their category, some character-
istics within a scene, or their spatial location. An example of this query type is query_09 which
states “Is there a microwave that is close to an oven?”. The evaluation of this type of queries provides
an approximation of how the system will behave in simple tasks.

e  Affordance queries evaluate the system’s ability to infer the functionality and uses of objects in
specific contexts. In general, they ask for objects to perform an action or to fill a need. An example
of this is query_15, "I am tired, where can I sit?”. These queries assess application of real-world
information in our context by LLMs.

*  Negation queries test the model’s ability to find a solution excluding specific objects or objects
with specific features. An example is query_23, "Tell me something I can sit on that is not a couch”.
These queries are especially interesting for the evaluation of workflows, as LLMs tend to perform
poorly when inputted with prompts containing negated instructions [53].

In addition, each query type is further divided into two difficulty levels: easy and difficult.

4.4. Annotating Responses

The ground truth was generated by the authors of this work by evaluating each query in Q
against all the generated semantic maps in SM. To accelerate this process, a GUI was developed.
The GUI displayed semantic map objects and queries side by side and allowed for the dynamic input
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of responses (see Figure Al). All the ground truth data can be found in structured files within the
repository.

It is important to note that the semantic maps’ ground truth was defined based on Voxeland'’s
output, instead of using the dataset’s original ground truth. In this way, each object is considered to be
of the category for which Voxeland provided the most certainty.

An initial version of the response ground truth was generated using ChatGPT ol-preview. Later,
all the responses were manually reviewed. During this review, the original scene reconstruction was
examined using online tools that visualize 3D representations of the ScanNet ! and the SceneNN 2
datasets.

5. Experimental Setup

To quantitatively analyze the impact on response quality of the presented workflows in an LLM-
based system performing object-centered planning, we conducted experiments using a self-created
dataset. This dataset comprises: i) a set of semantic maps, ii) a collection of queries related to these
semantic maps that a user could formulate, and iii) the corresponding ground-truth responses for
each semantic map-query pair. The semantic maps available in the dataset were generated using
the state-of-the-art approach Voxeland [28] instead of using the ground-truth semantic maps (see
Section 4.1). Voxeland addresses the semantic mapping of a scene by dealing with uncertainties in object
classification, enabling us to implement a more realistic evaluation. The scenes from which Voxeland
generated the semantic maps came from the publicly available datasets ScanNet and SceneNN (see
Section 4.2). The ground-truth responses for each map-query pair consist of a ranked list of objects from
the semantic map that are most relevant to the query. The list is ordered by relevance, with the most
important objects appearing first and the least important ones appearing last. The proposed workflows
were evaluated on all the scenes and queries in our dataset (see Section 4.2) using state-of-the-art LLMs
from the Google Gemini family (see Section 5.1). For a comprehensive evaluation, we compare the
responses generated by the workflows with the ground-truth data. Similarly to [17], for this evaluation,
we employed four different metrics (see Section 5.2 for more details): Top-1, Top-2, Top-3, and Top-Any.

5.1. Implementation Details

The presented workflows were implemented using LLMs from the Google Gemini family [54],
specifically Gemini 1.0 Pro (gemini-1.0-pro) and Gemini 1.5 Pro (gemini-1.5-pro). Among these,
results generated by Gemini 1.5 Pro have proved more relevant for the evaluation due to its enhanced
reasoning capabilities and improved contextual understanding. As these models are not publicly
available, we accessed them via API calls. By using them in this way, we take advantage of fast text
generation and avoid installing additional software. In addition, current proprietary LLMs are so far
better than open-source alternatives °. On the other hand, all requests are charged a cost depending on
the number of input and output tokens, which depends on the number of input and output tokens.

In the baseline approach, only Gemini 1.5 Pro was used to generate responses. In the Self-Reflection
and Multi-Agent Reflection workflows Gemini 1.5 Pro was employed too, and the reflection process
was performed in two iterations. The LLM Ensemble workflow was implemented with an ensemble of
six Gemini 1.5 Pro models to generate answers. The selection of the best response was handled by a
separate evaluator LLM, which also utilized Gemini 1.5 Pro.

Regarding examples in prompts, the planning prompts pplan,p;lan incorporated three exam-
ples, while the reflection prompts p,.qe.t Plfiect inCOrporated seven examples, the refinement prompt
Prompts p, s ement Prefinement iNCOTporated three examples, and the evaluator prompt p 4, . incor-
porated no examples. All these prompts are designed to carefully follow the prompts engineering

1 https:/ /kaldir.vc.in.tum.de/scannet_browse/

2 https:/ /hkust-vgd.ust.hk/scenenn/home/webgl/
3 https://artificialanalysis.ai/leaderboards/models
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recommendations provided by Google for the Gemini family models *. The Self-Reflection and the
Multiagent-Reflection workflows were both implemented with memory on previous reflection iterations.

5.2. Metrics

The metrics used in this work aim to assess the degree of similarity between two ordered lists of
objects, representing responses generated by a system performing object-centered planning. Therefore,
each system’s output for a given query within a specific semantic map, y, = {01, ..., 0n, }, is compared
to the annotated ground truth for the same query and semantic map, ygnp = {01, ..., ONgyp }» Where
Ny and Ngnp denote the number of objects in the response of the system and in the ground truth,
respectively. To evaluate the similarity between these two lists, the following metrics are employed:

e Top-1 checks if the first object in the system’s response, y;[1], appears in the ground truth, ygnp[1],
or if both lists are empty. It is defined as:

Top-1 = 1, ifyz[1] € yonp or (yr = @ and ygnp = D)
0, otherwise.
e Top-2 checks if any of the first two objects from the system response, y.[1] and y-[2], belong to
the ground truth, ygnp|[1]. It is defined as:

Top-2 = 1, ify[i] € yonp for somei < 2
0, otherwise.

e Top-3, similar to Top-2, checks whether some of the first three objects in the system response belong
to the ground truth:

1, ifyyli] € for somei <3
Top-3 = y=li] € yonD <
0, otherwise.

e Top-Any measures whether any of the objects in the system’s response appear in the ground truth.
It is defined as:
1, ify,li] € for some i
Top-Any = if y=li] € yonp
0, otherwise.
Note that these measures are cumulative. For example, if a query has a result for Top-1, it will also
have results for Top-2, Top-3, and Top-Any, as objects included in a narrower ranking are inherently
part of the broader rankings.

6. Evaluation

After obtaining the responses for each workflow over the dataset and evaluating them against the
annotated ground truth, we present a detailed analysis of the results. First, compare performance across
all workflows (see Section 6.1), showing that different workflows excel for specific query types while
underperforming for others. Second, we evaluate the influence of semantic map complexity, which is
determined by the number of objects within it, on overall workflow performance (see Section 6.2). The
chosen scenes are heterogeneous, containing different types of objects and coming from different places,
so the evaluation provides us with an insight into which kind of scenes the workflows work best with.
Finally, we perform a qualitative analysis of errors produced by the reflection-based workflows (see
Section 6.3) by manually selecting and analyzing some failure cases in which the reflection responses
were outperformed by the baseline response. This evaluation helped identify LLM misunderstandings,
enabling the refinement of prompts. The results show that reflection is the most effective approach,

4 https://ai.google.dev/gemini-api/docs/prompting-intro
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especially when applied to queries that require more reasoning. An increase in the size of semantic
maps has been found to impact workflow performance negatively, and reflection-based workflows
sometimes tend to over-reflect in certain responses.

6.1. Workflows Comparison

We evaluated the performance of the proposed workflows on all semantic maps and queries. The
overall performance is summarized in Table 1, while Table 2 presents results grouped by dataset of
origin and query types.

For the baseline approach, results highlight notable differences in performance depending on
query type; it performs best on Descriptive queries, followed by Affordance queries, while Negation
queries show the lowest performance. As stated in Section 4.3, queries were divided into three
categories, based on the type of reasoning needed to respond. Descriptive queries, which involve simply
identifying objects by their names or by some properties, are relatively straightforward and require
minimal reasoning, leading to higher scores across workflows. In contrast, Affordance queries require
identifying objects suitable for a specified action, requiring more reasoning about object functionality
and task relevance. This adds complexity and results in moderated performance. Negation queries
involve finding objects that lack certain attributes or must be excluded from a given list. They demand
advanced reasoning and the ability to exclude objects that might appear at first glance to be task-related,
which is an area where LLMs tend to make more mistakes [53]. Consequently, these queries yield
the lowest performance. Given the limitations of the baseline approach, some methods of improving
response quality, such as the agentic workflows presented in this work, are essential for real-world
robotics applications.

Among the proposed workflows, the LLM Ensemble method yields the most moderate improve-
ment in response quality. While it provides some gains in Affordance queries (e.g. up to +20% in Top-Any
on ScanNet), it has a negligible or even negative impact on Descriptive and Negation queries, which
results in an overall gain of +4.67% in Top-Any performance, and no improvement in terms of Top-1
performance. This suggests that generating multiple similar responses without iterative refinement
may not sufficiently improve response quality. Additionally, as the length of the prompts increases
—particularly due to the inclusion of semantic maps and examples—- the probability distribution of
potential responses becomes more constrained. In essence, providing more information like detailed
instructions and examples narrows the range of plausible outputs, thereby reducing the variability and
diversity of the model’s responses for the same input. Without diversity in responses, the evaluator
LLM is forced to select the best of the answers from a list of similar copies, which limits the potential
of this workflow.

Based on the results, workflows yielding the best performance are Multi-Agent Reflection (+9.67%
of improvement in Top-Any) and Self-Reflection (+10.0% improvement in Top-Any), so the process of
iteratively improving responses by reflecting on them proves to be effective when increasing the
system’s response quality. Between these, the one offering the best performance varies depending on
the dataset. In the ScanNet dataset, Self-Reflection shows slightly better improvements (up to +12% in
Top-Any accuracy), while in the SceneNN dataset, Multi-Agent Reflection performs better (up to +9.33%
in Top-Any accuracy).

Table 1. Overall performance of the presented workflows. In bold, the technique with the highest performance for
each metric.

Method Top-1 Top-2 Top-3 Top-Any
Base 66.60 68.67 69.33 69.67
LLM Ensemble 0.00 +2.67 +4.00 +4.67

Multi-Agent Reflection +8.33  +8.33  +9.00 +9.67
Self-Reflection +7.67 +8.33 +8.67  +10.00
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In addition, reflection-based workflows demonstrate clear improvements in handling query types
that require higher reasoning, such as Affordance and Negative queries. For instance, in Negation queries
on the SceneNN dataset, Multi-Agent Reflection improves Top-Any accuracy by +18%. However, it
may slightly reduce the performance on simpler query types like Descriptive queries. In the case of
Affordance and Negative queries, initial LLM responses tend to misinterpret the query intent, leading to
incorrect object suggestions. Then, the reflection process effectively identifies these misunderstandings,
generates feedback, and enables refinements in subsequent iterations, benefiting the overall result. On
the other hand, a satisfactory initial response is usually produced for Descriptive queries. During the
reflection stage, these responses are sometimes unnecessarily refined or altered, which leads to over-
reflection, which degrades quality. This issue is particularly evident when the ground truth specifies no
relevant objects (i.e. an empty list). In such cases, the initial response correctly indicates the absence
of related objects, but reflection may force the system to infer or fabricate objects that are not fully
relevant to the query, resulting in erroneous behavior. These issues were identified through failure-case
analysis (see Section 6.3), and to mitigate them, the prompts were refined to include instructions aimed
at preventing such behaviors.

Table 2. Presented workflows performance grouped by dataset and query type. In bold, the technique with the
highest performance for each metric.

Dataset Agentic Workflow Query Type Top-1 Top-2 Top-3 Top-Any

Descriptive 78.00  82.00  84.00 84.00
Affordance 52.00  58.00  60.00 60.00

Base Negation 5200 5400 5400  54.00

Average 60.67 6467 6600  66.00

Descriptive 0.00 +2.00 0.00 +2.00

Affordance ~ +8.00 +10.00 +18.00  +20.00

LLM Ensemble Negation ~ —400 +600 +800  +8.00

ScanNet [26] Average +1.33  +6.00 +8.67 +10.00

Descriptive +4.00 +2.00 +2.00 +2.00
Affordance +8.00 +8.00 +10.00 +10.00
Negation +16.00 +16.00 +18.00 +18.00
Average +9.33  +8.67 +10.00  +10.00

Descriptive +8.00 +6.00 +4.00 +4.00
Affordance +10.00 +8.00 +12.00 +14.00
Negation +14.00 +18.00 +18.00 +18.00
Average +10.67 +10.67 +11.33 +12.00

Descriptive 86.00 86.00  86.00 86.00
Affordance 7200 76.00  76.00 78.00

Multi-Agent Reflection

Self-Reflection

Base

Negation 56.00 56.00  56.00 56.00
Average 71.33 7267  72.67 73.33
Descriptive —4.00 —4.00 —4.00 —2.00
Affordance —-6.00 —-800 —-800  —10.00
LLM Ensemble Negation 4600 +10.00 +10.00  +10.00
SceneNN [27] Average —-133 —-0.67 —0.67 —0.67

Descriptive +6.00 +6.00 +6.00 +6.00
Affordance +2.00 +2.00 +2.00 +4.00

Multi-Agent Reflection “\jooition  +1400 +1600 +16.00  +18.00

Average +7.33  +8.00  +8.00 +9.33

Descriptive 0.00 0.00 0.00 0.00

Self-Reflection Affordance +2.00 +2.00 +2.00 +8.00
Negation +12.00 +16.00 +16.00 +16.00

Average +4.67  +6.00  +6.00 +8.00
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Additionally, a noticeable difference in overall performance exists between the datasets: results on
ScanNet are lower than those on SceneNN. As stated in Section 4.2, these datasets are heterogeneous.
Specifically, ScanNet comprises larger scenes with more objects and richer semantic diversity, while
SceneNN provides smaller scenes with fewer objects and a more limited variety. To check if this first
intuition was right, an analysis of performance depending on semantic map sizes has been conducted
in Section 6.2.

Even though the presented workflows show improvements in response quality, the overall
performance of the system is still moderate. One reason for this could be the inclusion of highly
challenging queries, such as those requiring information beyond what is available in the semantic map
or inferable by an LLM. For instance, query_16 asks "Where can I sit and observe the entire view of the room
without obstruction?". Answering this query correctly requires not only understanding of the objects in
the scene, and their function, shape, etc., but also considering spatial details such as the layout of walls,
doors, and other structural elements. While this information is inherently considered in the ground
truth, it is not provided to the model. Although these queries are deliberately challenging for current
LLM capabilities and information available in our setting, their inclusion ensures that the dataset can
still be used to evaluate future approaches and models.

On average, the time taken by the described systems to respond to all queries on a semantic map
was: 3 m 3 s for the baseline approach (30 requests, 6.12 s/request), 21 m 26 s for the Self-Reflection
workflow (150 requests, 8.58 s/request), 21 m 44 s for the Multi-Agent Reflection workflow (150 requests,
8.70 s/request), and 20 m 37 s for the LLM Ensemble workflow (210 requests, 5.89 s/request).

6.2. Impact of Semantic Map Complexity

This section aims to analyze how the performance of the considered object-centered systems
is influenced by the complexity of the semantic map on which they operate. To this end, Figure 3
shows the average performance of the proposed workflows, in terms of the Top-Any metric, across all
semantic maps’ complexity. Note that complexity is quantified by the number of objects present in the
scene, although, as discussed below, other factors may also contribute to it.

An inverse relationship is evident between the number of objects in a semantic map and the
Top-Any metric performance. This trend is consistent across other metrics, though only the Top-Any
metric is presented for simplicity. The decline in performance is observed in all of the presented
workflows but is greater in the baseline approach. In contrast, reflection-based workflows, such as
Self-Reflection and Multi-Agent Reflection, show a less pronounced decline as the number of objects in
the semantic maps increases, with minimal differences between these two workflows. Despite the
overall trend, some exceptions are observed. The most significant one may be the semantic map for
scenenn_030 (SceneNN dataset), which contains a relatively high number of objects (26) yet achieves
relatively strong performance on the Top-Any metric. Further analysis revealed that this map, though
containing a large number of objects, included only five different object categories, making it highly
redundant and exhibiting a poor semantic variety. Because of this redundancy, the ground truth
includes a wider range of response objects in queries, especially in Descriptive and Affordance ones,
where results are benefited. For example, if a query asks to find a book in the scene, and the scene
contains 10 books, the LLM has an easier time finding an answer, since by pointing to 1 of those ten
the answer will be marked as correct.

One potential cause of the observed negative trend in results as semantic map size increases is the
relation between the number of objects in the map and the prompt length. As explained in Section 3,
semantic maps consist of JSON files containing object information, which are directly included in
prompts previously explaining their structure. Thus, when the number of objects increases, the size
of the JSON file —and consequently the prompt length— also grows. Working with LLMs and large
contexts presents some challenges. Specifically the "lost in the middle effect" [55] problem suggests
that LLMs tend to perform better with information located at the beginning or end of prompts, while
information in the middle is often forgotten or overlooked. Although in this work we have placed


https://doi.org/10.20944/preprints202501.0131.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 3 January 2025

17 of 23

semantic maps at the end of prompts following prompt engineering best practices, the growing length

of prompts due to semantic maps may still worsen this effect, leading to poorer performance.

Average Top-Any vs Semantic Map Complexity
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Figure 3. Average Top-Any rate (%) as a function of semantic map complexity, measured by the number of objects
in the map. Each workflow is color-coded: blue (baseline approach), yellow (Self-Reflection), green (Multi-Agent
Reflection), and red (LLM Ensemble). The dashed lines indicate the fitted third-degree polynomial regression.

6.3. Errors Qualitative Analysis

To better understand the performance of agentic workflows implementing reflection, a detailed er-
ror analysis was performed on the Self-Reflection and the Multi-Agent Reflection workflows. Specifically,
we examined cases in which the baseline approach outperformed the reflection-based methods were
selected and the cause of the error was manually identified. A total of 17 such cases were observed.

The most frequent error (70%) involved ground-truth queries with an empty list of objects. In these
cases, the first planning stage correctly outputted an empty list, but the reflection process incorrectly
added objects by over-reflecting on the result.

An example of this behavior is the result provided by the Self-Reflection workflow for query_20
("What can I sit on that is near a book?") in the semantic map scene0392 from ScanNet. Here, the
baseline approach and the first iteration of the Self-Reflection workflow provided very similar responses,
indicating that no object in the scene was available to accomplish the task. The reason for the response
was that no books were present in the semantic map, which is correct:

{
"inferred_query": "Identify a seat near a book.",
"query_achievable": false,

1,

"The provided semantic map does not contain any objects

"relevant_objects":
"explanation":
classified as ’book’. Therefore, it is not possible to determine

which seat is near a book."

}

However, the reflection iterations pointed out that, while it is true that there is no directly related
object in the scene, the task could be achieved using indirectly related objects:

2/10
- Query achievable: Minor error. While there’s no "book" object,

1. Comments on Correctness. Score:

the query
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could still be achieved if other objects could be reasonably interpreted as
suitable for sitting with a book. For example, a dining table might imply
the presence of chairs nearby. However, the response completely dismisses
the possibility.

[...]

This reasoning is erroneous, as it erroneously suggests that indirect relationships could justify including
objects like chairs near a dining table, even though the absence of a book rendered the query unfeasible.
This flawed reasoning led to a response that included unrelated objects:

{

"inferred_query": "Identify a seat near a book.",

"query_achievable": "partially",

"relevant_objects": [

"obj2",
"obj20",
"obj42"

1,

"explanation": "While there are no books explicitly identified, ’obj2’
(dining table) suggests a possible reading location. Objects ’0bj20’ and
’obj42’, identified as ’chair’, are near the table and could be suitable
for sitting. ’0bj20’ is located approximately 0.29 meters from the table’s
center. ’obj42’ is positioned near the center of the table at a distance
of 0.17 meters."

}

Note that, since the ground-truth result for this query is an empty list, the baseline response counts as
a Top-1 hit, while the refined reflection-based response does not count toward any metrics.

Other errors involved the removal of objects marked as relevant from the initial response after
reflecting on it (12%) and an incorrect reordering of relevant objects (6%). These kinds of errors could be
caused by the LLM misunderstanding the instruction of prompts and could be mitigated by providing
clearer explanations or even including similar examples.

More challenging issues, such as object hallucinations (6%) or hallucinations when considering a
clearly incorrect response as correct (6%) were also observed. Addressing these errors may require
implementing more sophisticated workflows or even using better-performing LLMs.

7. Conclusions

This work arose from the need to quantitatively evaluate the impact of using agentic workflows in
Large Language Models (LLMs) when performing object-centered planning in robotics. In this context,
an LLM is equipped with a semantic map of the working environment and has to respond to natural
language queries about it. Its responses consist of a list of objects, that are ordered depending on their
relevance to the query.

We formalized and implemented three agentic workflows besides the baseline model: (1) Self-
Reflection, where the LLM independently reviews and refines its responses, (2) Multi-Agent Reflection,
involving multiple LLM-based agents generating responses, providing feedback, and collaborating
to improve the output, and (3) LLM Ensemble, which uses several LLMs to generate responses, then
employs an evaluator LLM to select the most appropriate one.

To perform the quantitative evaluation, we created a publicly available dataset comprising
semantic maps, natural language queries, and manually annotated responses for each query and
semantic map. Semantic maps were generated from scenes in the popular ScanNet and SceneNN
datasets using the Voxeland semantic mapping framework. Queries were designed to simulate real-
world user requests and were divided by the type of reasoning required to respond, as well as by
difficulty.
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Experiments show that reflection-based agentic workflows, Self-Reflection and Multi-Agent Reflec-
tion, generally improve LLM response quality in this context. On average, Self-Reflection outperforms
the baseline by up to 12% on ScanNet and 8% on SceneNN, while Multi-Agent Reflection achieves
improvements of 10% and 9.33%, respectively. The LLM Ensemble workflow yields more moderate
improvements than the reflection-based approaches, reaching up to a 10% enhancement on ScanNet
but showing no significant improvement on SceneNN. The response enhancement caused by reflection
is more evident in queries requiring higher levels of reasoning while being less noticeable in the
simplest and easiest queries. Thus, the reflection process effectively identifies misunderstandings in
the initial responses, enabling refinements in subsequent iterations. Furthermore, the analysis revealed
that workflows’ performance is influenced by the complexity of the semantic maps, in terms of the
number of objects present in a scene and their semantic diversity. Larger maps with more objects
tend to reduce performance due to increased prompt length and the problem of LLMs overlooking
relevant information. An exhaustive analysis of cases in which the reflection-based workflows were
outperformed by the baseline approach showed that reflection tends to over-reflect on some queries,
including objects that may not be related to the task at hand.

For future research, we plan to investigate the influence of additional object properties on the
system’s overall performance. A promising direction is to study how LLMs handle uncertainties in
input data, such as those arising from Voxeland’s object classification.
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Abbreviations

The following abbreviations are used in this manuscript:

API Application Programming Interface
GUI Graphical User Interface

JSON Javascript Object Notation

LLM Large Language Model

LVLM Large Vision-Language Model
OWL Web Ontology Language
PDDL Planning Domain Definition Language

RDF Resource Description Framework
RGB-D Red Green Blue - Depth
StM Structure from Motion

SLAM Simultaneous Localization and Mapping
SPARQL  SPARQL Protocol and RDF Query Language
SWRL Semantic Web Rule Language
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Appendix A

The queries in the dataset are listed in Table Al. As explained in Section 4.3, queries are divided
into three types based on the required reasoning: Descriptive, Affordance, and Negation. Each type is
further subdivided into queries of varying difficulty.

Table A1l. List of queries included in the dataset organized by type and difficulty.

Type Difficulty Query ID Query
query_01 I'm searching for a bike in the room
query_02 Where is the bag?
Easy query_03 Is there a refrigerator?
query_04 I'm searching the bed
Descriptive query_05 I'need to go to the toilet
query_06 I need the book that is on a table
query_07 Is there a kitchen sink?
Difficult  query_08 A chair close to a table
query_09 Is there a microwave that is close to an oven?
query_10 A couch that is in front of the TV
query_11 What can I use to hold my coffee one moment?
query_12 I need to write notes during a meeting
Easy query_13 I would like to go out for some exercise
query_14 Where can I leave the dirty dishes?
. o
Affordance query_15 I am tired, where can I sit?

Where can I sit and observe the entire view of the room

query_16 without obstruction?

Difficult query_17 What could show the up-to-the-minute weather forecast?
query_18 I'want to drop a delicate object, away from foot traffic
query_19 I want to perform my oral hygiene routine without anyone

seeing me

query_20 What can I sit on that is near a book?

query_21 Tell me something to sit on that is not a chair

query_22 Find somewhere to eat other than the table

Easy query_23 Tell me something I can sit on that is not a couch

query_24 Tell me something I can open that is not a refrigerator

Negative query_25 Something that is not at room temperature
Something that emits sound but is not the TV, because it is
query_26

turned off
Identify an object that I can safely stand on to reach a high
shelf, which is not a chair
Find a storage item I can use that is not a backpack or
handbag
query_29 Locate an item that provides light but isn’t a table lamp
query_30  Something where I can deposit liquids, that doesn’t close?

Difficult  query_27

query_28

For convenience, a GUI was developed to annotate the ground-truth data (see Figure Al). As
shown, it consists of two panels: one displaying the objects in the semantic map (left) and another
containing the queries and the annotated responses (right). Each object in the semantic map is repre-
sented with its identifier (obj1, obj3, obj6, etc.), its most probable semantic class, and its bounding
box coordinates and extension. Each query is also characterized by its identifier (query_01, query_02,
query_03, etc.), the query text, and the list of annotated response objects. When a query is selected, the
ground-truth objects are highlighted in the semantic map. All the information editable by the program
is saved into JSON files in the background, which can be saved/loaded as needed.
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# Semantic Map and Ground Truth Interface - ]

Semantic map

Load semantic map JSON file

Loaded file: scannet_scene0673_04 json

Ground truth ‘

Load queries YAML file ‘

Load ground truth JSON file
|
Inspect scene! Loaded file: scannet_scene0673 04.json |

Object  Most Probable Obje  BoundingBoxCenter  BoundingBoxSize Results Query ID Query Response
objl  remote (0.70) 3320037 074118051 remote: 86.61, dining table: 19.76, cup: 8..| | query 01 I'm searching for a bike in the room obj72, abj70, objd9, obj7, objs
obj2  couch (0.74) 435201059 15722511 couch: 20474, chair: 16.97, book: 16.64, 1a| | query 02 Whereis the bag? obj31, obj6d, objos
objf  bicycle (091) 5.613.850.53 0.85 0,66 0.94 bicycle: 31.54, clock: 2.32, chair: 0.65 query 03 Isthere a refrigerator?
|| obi7  bicycle (0.94) 5.53.150.56 04206073 bicycle: 23.13, chair: 1.35 query 04 I'm searching the bed
obj8  chair (0.88) 4.583.690.48 231207096 chair: 103.91, bed: 409, couch: 294, persc| | query 05 I need to go to the toilet |
obj28  chair (0.43) 4.026.740.52 1642.091.02 chair: 68.22, bed: 63.90, person: 6.4, couc| | query 06 | need the book that is on a table |
obj29  chair (0.52) 341445036 1.892.460.71 chair: 32.28, backpack: 6.35, bed: 4.88, sui | | query 07 Is there a kitchen sink? obj132
obj31  suitcase (0.75) 4.644.880.17 148087036 suitcase: 45.52, chair: 6.29, handbag: 5.54,| | query 08 A chair close to a table obj34, 0bj28, obj29
obj34  chair (0.70) 26740806 057059071 chair: 34.21, dining table: 1445 query 09 Is there a microwave that is close to an oven?
obj36  donut (0.81) 2283560.77 0.180.190.66 donut: 32.94, remote: 6.18, spoon: 081, bi| | query 10 A couch that s in front of the TV obj3
objd0  book (0.89) 223457109 0550761.14 book: 65.48, chair: 5.27, bottle: 1.87, clock | | query 11 What can | use to hold my coffee one moment? obj34, abj132
objS3 v (0.88) 1.852.651.19 0.491.150.74 1wt 54.08, chair: 6.45, dog: 0.67 query 12 Ineedto write notes during a meeting obj67, obj34 |
objfd  backpack(0.76)  2.54186026 0661.28033 backpack: 21.02, person: 5.46, suitease: 1| | query 13 lwould like to go out for some exercise obj72, obj70, obj99, obj7, objf
objf5  diningtable (0.48)  3.14 1.0206 0.560.56 043 dining table: 16.26, chair: 9.57, remote: 4. query 14 Where can | leave the dirty dishes? obj132
obj67  laptop (0.89) 366078036 0.430460.17 laptop: 24.89, book: 2.93 | am tired, where can | sit? obj3, obj8, obj34, obj28, obj?9
obj70  bicycle (0.98) 4.970.510.64 060,58 0.63 bicycle: 30.88, person: 0,60 query 16 Where can | sit and observe the entire view of the room witt obj8
obj72  bicycle (1.00) 5.331.661.06 039057032 bicycle: 26.08 query 17 What could show the up-to-the-minute weather forecast?  obj67, obj53
obj98  handbag (0.38) 6.256.97044 3312711081 handbag: 7.41, dining table: 4.83, backpa| | query18  |want to drop a delicate object, away from foot traffic obj2s
| |otig9  picyele (097) 74753807 07418110 bicycle: 41.08, clock: 1.27 query_19  lwantto perform my oral hygiene routine without anyone s obj132
obj132  sink (0.59) 22782124 172069047 sink: 4395, bottle: 22.09, cup: 6,64, tootht | | query 20 What can | sit on that is near a book? obj34
obj134  bottle (1.00) 0.557.32143 02024021 bottle: 20,63 query 21 Tell me something to sit on that is not a chair obj3
obj140  cup (0.57) 24282126 142069043 cup: 20.63, bottle: 14.06, sink: 0.76, dining | | query 22 Find somewhere to eat other than the table obj3, objg, obj28, obj29
obj143  bottle (0.67) 24282126 142069043 bottle: 21.60, cup: 9.53, toothbrush: 0.56, 1| | query 23 Tell me something | can sit on that is not a couch
obj148 oven (0.80) 293689077 087101123 oven: 27.62, refrigerator: 5.67, bowl: 0.63, query.24  Tell me something | can open that s not 2 refrigerator objd0, obj149, obj31, objed
query.25  Something that is not at room temperature obj149
query 26 Something that emits sound but is not the TV, because it is1 obj67, abj149
query 27 Identify an object that | can safely stand on to reach a high s obj3, obj&
query 28 Find a storage item | can use that is not a backpack or hand| obj31

Figure A1. GUI developed to create the ground-truth data. The left panel shows the semantic map with its list of
objects, while the right panel displays the queries and their annotated object responses.
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