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Abstract

Embodied agents have successfully leveraged
large language models (LLMs) to better trans-
form human instructions and images into exe-
cutable task plans. Furthermore, memories of
agents can be leveraged to achieve continual
self-learning and optimization. However, vec-
tor data quality problems emerge in memories
when they are projected into vector space, es-
pecially in discerning contextually similar but
semantically conflicting sentences and highly
similar images. This is particularly detrimen-
tal to embodied Al as it potentially distorts
the robot’s actions. To address this challenge,
we propose Conflict Detection Rules (CDRs)
to identify and manage data quality issues in
vector knowledge bases, which assist in correct-
ing the index structure and further improving
the answer quality. Experimental results show
that planners with CDRs exceed the basic LLM
planner by 15.25% and 14.25% in grammatical
accuracy (GA) and interpretation accuracy (IA)
on average, respectively. Moreover, the entire
workflow has been successfully integrated into
various scenarios, demonstrating its practical
applicability and robustness in the real world'.

1 Introduction

Recent advancements in artificial intelligence
have led to the rapid evolution of agents, which
are increasingly capable of performing complex,
real-world tasks with minimal human interven-
tion(Zhang et al., 2026b; Hu et al., 2026; Ma et al.,
2026a; Lin et al., 2025; Ma et al., 2026b; Cheng
et al., 2026). A prominent manifestation of this
trend is the embodied agent, which extends cogni-
tive capabilities into the physical realm. Embod-
ied agents have successfully employed LLMs as
planners to better follow human commands and
accomplish corresponding tasks(Ahn et al., 2022;
“The corresponding author.
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Figure 1: Example of potential error in memory-
augmented-LLM planner. (a) represents the conven-
tional memory-augmented-LLM planner, (b) illustrates
the planner after enhancement of data quality.

Song et al., 2022; Liu et al., 2023a; Lykov and
Tsetserukou, 2023; Lykov et al., 2023; Chen et al.,
2024; Vemprala et al., 2024; Fang et al., 2025).
These models translate natural language into for-
mal representations, such as the planning domain
definition language (PDDL)(Liu et al., 2023a), first-
order logic(Chen et al., 2024), or XML(Lykov and
Tsetserukou, 2023; Lykov et al., 2023), etc., and
leverage low-level controllers(Song et al., 2022)
to execute the resulting subtasks, which demon-
strates significant potential for automating complex
reasoning and action planning(Huang et al., 2025).
Meanwhile, recent embodied agents can explore en-
vironments without human-labeled data, store the
encountered states and action outcomes in agent
memories, and later retrieve the most informative
episodes to generate the next response(Xu et al.,
2024; Xie et al., 2024; Yoo et al., 2024; Zare et al.,
2024). These varied, multimodal memories can
be projected into a vector space for efficient stor-
age and retrieval(Yamanaka and Kido, 2024; Zeng
et al., 2026; Zhang et al., 2026c; Liu et al., 2025b).
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However, the inherent limitations of vector
databases(Liu et al., 2023b; Wang et al., 2023;
Yang et al., 2026; Liu et al., 2025a) impedes its
applications to the memory of embodied Al. The
existing flaws in embedding generation and vector
search methods can lead to incorrect similar vec-
tors. For example, vectors of contextually similar
but semantically opposing sentences are extremely
close in vector space. Moreover, vector querying
is predicated on approximate search algorithms for
vectors, yet extant approximate search algorithms
are incapable of addressing this issue(Ma et al.,
2024). As shown in Figure 1, although the vector
embeddings of the sentences "Can you turn on the
hall light?" and "Can you turn off the hall light?"
are closely located in the high-dimensional seman-
tic space, the actions expressed by these sentences
are conflicting. This results in poor data quality
in the knowledge base of robots. Such conflicting
sentences may disrupt the model’s generation when
fed into LLMs as backgrounds(Liu et al., 2023c),
which is particularly detrimental to embodied Al
as it potentially distorts the robot’s actions. In fact,
about 1.8 conflicting commands are found among
the top 10 retrieved relevant commands on average
for each question after constructing the knowledge
base in our experiments.

In order to mitigate the impact of such data
inconsistencies, we propose Conflict Detection
Rules (CDRs) to detect the inconsistencies and
manage the data quality in vector databases. CDRs
are utilized to evaluate inconsistencies by aligning
the subject, predicate, and other clausal compo-
nents of sentences. This check are then propagated
across multi-sentence passages, any inconsistent
sentences are pruned to lift overall corpus quality.
In general, we first evaluate the retrieved contexts
leveraging CDRs after retrieval. If inconsisten-
cies are detected, the corresponding contexts are
removed and the indexes in the vector database are
trimmed. Otherwise, the retrieved contexts will be
reserved and returned directly. Experiments have
shown that the planner with CDRs outperforms the
basic planner on average by 15.25% in GA and
14.25% in IA, and also exceeds normal memory
enhanced planner by 14.00% and 11.25% respec-
tively. Moreover, we have successfully integrated
the entire workflow into various scenarios such as
Café, Canteen, Kitchen and Lounge, showing its
practical applicability and robustness in real world.

Our work differs from previous work as follows.
1) We find the problem that occurrences of vec-

tor misalignment with original data have negative
impacts on memory, which has been typically ig-
nored by LLM planners. 2) CDRs are proposed to
enhance the quality of vector data, which can be
easily extended to suit special cases in other con-
texts, allowing it to integrate with and improve any
LLM planners with high flexibility.

2 Related Work

LLMs as Planners. Researchers have employed
LLMs as planners in robotic task planning (Vem-
prala et al., 2024; Singh et al., 2023; Huang et al.,
2023; Zheng et al., 2022; Lu et al., 2022; Ya-
manaka and Kido, 2024), including 1) fine-tuning a
LLM with numerous annotations (Lykov and Tset-
serukou, 2023; Lykov et al., 2023) and 2) prompt
engineering with few-shot examples, which either
directly present a selection of fixed and typical
examples(Ahn et al., 2022; Huang et al., 2022;
Liu et al., 2023a; Chen et al., 2024) or combine
a naive memory component similar to RAG (Re-
trieval Augmented Generation) without more at-
tention on precise retrieval(Song et al., 2022; Ya-
manaka and Kido, 2024; Xu et al., 2024; Zhang
et al., 2025; Jafaripour et al.; Zhang et al., 2026a).
Different from previous work, we employ data qual-
ity management with LLM planners and update
robot experiences into the knowledge base, thereby
realizing a real-time and efficient augmentation on
both small and large scale models.

Logical Rules for Data Quality Management.
Logic-based rules such as data dependencies have
been proposed for data quality management. Func-
tional Dependencies (FDs)(Codd, 1971) have been
pivotal in representing data integrity constraints
and interconnections(Fan and Geerts, 2011; Raju
and Majumdar, 1988; Chang et al., 2007; Abite-
boul et al., 1994). Conditional Functional Depen-
dencies (CFDs) were built upon FDs, specifically
aimed at data cleaning (Fan et al., 2008). Further,
Matching Dependencies (MDs)(Fan et al., 2011)
are proposed to pinpoint records that correspond
to identical real-world entities, and Approximate
Functional Dependencies (AFDs) for addressing
the challenges posed by noisy data(Karegar et al.,
2021). However, they are tailored to relational
data, presenting limitations regarding the vector
data quality management essential for vector mem-
ory. Instead, our work attempts to utilized data
dependencies to manage vector data, thereby opti-
mizing the data quality of the robotic memory.
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3 Conflict Detection Rules

This section introduces Conflict Detection Rules
(CDRs). We first define the preliminaries, followed
by the definition of CDRs. Additionally, we explain
how to implement CDR predicates and use CDRs
to detect conflicts in vector data . We start with
basic notations and concepts.

Natural language actions. A natural language ac-
tion s[¢] can be decomposed as a tuple (s[o], s[p]),
where s[o] denotes the object involved in s[¢], and
s[p| is the specific operation performed on s[o].
Natural language sentences. A natural language
sentence s is composed of several actions s[¢;],
which is denoted by s = {s[p1],...,s[pn]} =
{(s[o1]; s[p1])---s (s[on], s[pa])}-

Embedding vectors. Given a set of natural
language sentences S = {si,s2,---,Sk}, the
embedding vectors V of S is V. = f(5) =
{vsy, Vs, - -+ , Vs, }» where f(-) is the embedding
function. For any sentence s; € S, its correspond-
ing embedding vector is v; € V.

3.1 CDRs with function predicates

We define the predicates of CDRs first.
Predicates. Over a natural sentence set S =
{s1, 82, , Sk}, the corresponding vector set V' =
f(S) = {vs;, Vs, -+ , s, }, @ is an operator in
{=,+#}, a vector similarity function VecSim(-),
CDRs can be composed of the following predicates
to capture the relationships between sentences and
their vector embeddings.
s1[pi] ® s2[p;]: Consider two sentences s; and sg,
predicate s1[p;] @ sa[p;] compares actions of s; and
s2. The predicate is true if actions are the same. It
is false otherwise.
s1[oi] @ sa[o;]: Consider two sentences s; and sa,
predicate s1[0;] @ sa[0;] compares objects of s; and
s2. The predicate is true if objects are the same. It
is false otherwise.
VecSim(vs, , vs,): Consider two embedding vec-
tors vs, and v, we say that the vector
similarity function VecSim(vs,,vs,) is true if
VecSim(vs,,vs,) > 6, where 0 is a predefined
threshold. Otherwise, it is false.
C(s1,82): Consider two sentences s; and so.
C(s1, s2) denotes whether the embeddings gener-
ated from sentence generation are precise. We say
that C(s1, s2) is true if conflicts exists between s;
and sy. Otherwise, it is false.

We write VecSim(vs,,vs,) = true simply as
VecSim(vs, , vs,) when it is clear in the context;

similarly for C(s1,s2). The implementation de-
tails of these function predicates are shown in Sec-
tion 3.2.

Conlflict Detection Rules. For a natural sentence
set S, the corresponding vector set V' = f(5), a
CDR ¢ over S has the form of

X—>p07

where X is a conjunction of CDR predicates over
S. In addition, pg is limited to C(s1, s2), which
is aimed to align with the conflict detection task
and further reduce the search space. We define the
CDRs to identify conflicts between sentences and
their embeddings. Consider the following example
to illustrate the CDRs:

Example 1 Consider the following CDRs.

o1 1 silpi] # salpil A siloi] = s2foi] A
VecSim(vs,,vs,) — C(s1,52). Given s1 and s3
as below, s1: “Can you turn on the hall light?”
8. “Can you turn off the hall light?” 1 claims
that if the objects of sentences are the same, while
their corresponding actions are not, and their cor-
responding vectors are similar, then they are in
conflict. The vector embeddings vs, and vs, have
high similarity, while s1 and ss have the same ob-
Jjects and dissimilar actions. According to the CDR
1, we conclude that C(s1, $2) is true.

w2 = sip] = salpi] A sifoi] # osafoi] A
VecSim(vs,,vs,) — C(s1,52). Given s1 and s3
as below, s1: “Can you pass me an apple?” sa:
“Can you pass me a bottle?” s claims that if the
actions of sentences are the same, while their corre-
sponding objects are not, and their corresponding
vectors are similar, then they are in conflict. The
vector embeddings vs, and vs, have high similarity,
while s1 and s9 have the same actions and dissimi-
lar objects. According to the CDR @1, we conclude
that C(s1, s2) is true.

Semantics of CDRs. Consider a sentence set .S and
its corresponding embedding vector set V' = f(.5).
A valuation & of sentence variables of CDR ¢ in
S, or simply a valuation h of ¢, is a mapping that
instantiates s[¢] in each s € S with a sentence s in
the sentence set S.

We write h |= p for predicate p: (1) if p is
$1[pi| @ s2[pi] or s1[0;] @ s2[0;], then h |= p is inter-
preted as in tuple relational calculus following the
standard semantics of first-order logic(Abiteboul
et al., 1994). (2) If p is VecSim(vs, , vs,) (resp.
C(s1,82)), then h = p if VecSim (resp. C)
predicates true on VecSim(vh(sl),fuh(SQ)) (resp.
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C(h(s1),h(s2))). For a conjunction X of predi-
cates, we say h = X if for all predicates p in X,
h = p. ForaCDR ¢, we say h |= ¢ thatif h = X,
then h |= po. A sentence set S satisfies ¢, denoted
by S = ¢, if for all valuations h of sentence vari-
ables of sin S, h = ¢. We say S |= X for the
CDR set X ifforall p € &, S |= .

3.2 Conflict Resolution with CDRs

We primarily elaborate on the concrete implemen-
tation of CDR predicates and the resolution of con-
flicts utilizing CDRs in this section.
Implementation of predicates. For s [p;] @ s2[p;]
and s1[o;] @ s2]0;], we use an LLM to determine
their relationships. For predicate VecSim(vs, , vs, ),
we have: D(vy,,vs,) > 6 — VecSim(v,, vs, ),
where D(vs,,vs,) denotes the similarity score
calculated by the similarity function in vector
databases. Conventionally, a higher similarity score
correlates with a greater degree of similarity. 6 is
a constant, which can be either manually defined
or learned from samples. We obtain § = 1.34
through the ROC curve, more details can be seen
in Appendix B.2.

Conflict resolution. As shown in Figure 2, for
vectors that exhibit a conflict, we resolve the con-
flict by pruning the edges that connect the con-
flict vectors in the index structure. For multiple
contextually similar sentences, we propose a Trim-
ming Theorem as below. Given sentences sg, S1, S2
which are contextually similar. Among them, sy
and s; are semantically similar, whereas those of
s and s9 are not. In other words, s; and s; are
consistent, s; and so are in conflict. In that case,
there is a substantial likelihood of conflict between
s1 and so. Under such circumstances, we cut the
edge between vg, and vg,. In other words, if the
conflict detection result of s, s1 and s, so differs,
then there exists a contradiction in s and ss, and
si witness this, then the similarity linkage between
s1 and s should be cut. The specific process is
shown in Figure 2.

4 Methodology

4.1 Problem Formalization and Overview

Formally, a knowledge base K B is created to store
the multimodal memory of robots M. G denotes
the index structure of K B, while G denotes the
index after trimmed. Given a multimodal input ¢
as the query, then A = [ay, ..., a¢), C = [c1, ..., ¢k,
C = [, ..., &) denote fixed examples, related con-

-
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O

©)
)

Index Vectors embedded from

knowledge base
l extract

trim

2 2

Figure 2: The process of conflict detection and resolu-
tion in vector databases.

texts and contexts after selection, respectively. y is
expected to be the output finally as a logical formal
language. The framework is shown in Figure 3.
Overview. The whole process is shown as below.
First, the multimodal memory M in the knowledge
base K B is embedded and an index structure G is
constructed(D). Upon receiving g from users, rele-
vant contexts C are retrieved from the knowledge
base(step ). These contexts are then sent to detect
conflicts by CDRs (step (3), and judgments are uti-
lized to trim the index structure of knowledge base
G (step @). Consistent contexts C' are reserved
and combined with ¢ and other fixed examples A,
feeding into LLM to produce a response y (step
(). Once the robot has executed successfully, we
add this experience to K B (step (6)).

4.2 The Framework

Knowledge Preprocess. The multimodal knowl-
edge M in knowledge base K B is embedded into a
unified vector space and the index G is constructed
based on vector approximate search methods. M
encompasses information from two modalities: im-
ages ¥ and text 7', i.e., M = {¥,T'}. For each ¢
in ¥, we utilize a multimodal LLM (MMLLM) to
summarize the main content of the image . The
summary of image 1) is denoted as t,,. Memory
after preprocessed is denoted as M, M = {T,,, T'},
where ¢, € T;;,. Knowledge in K B is documented
in pairs of [Information-Goal], with each context
recording a successful instance of natural language
command transformation. The indexing structure
@ is constructed based on M.
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Contexts Retrieval. A retriever R is utilized to
retrieve top k related contexts from M with g. The
retriever R then swiftly locates the & contexts most
similar to ¢ by leveraging the established index
structure G. Retrieved contexts C' = [cq, ..., Ck]
will then be sent to detect conflicts.

CDRs Judgement. CDRs and large parameter
LLMs are utilized to detec conflicts in retrieved
contexts C. We employ GPT-40 as an extractor
and comparator for matching, and design a prompt
for functioning. First, GPT-40 will extract and com-
pare the actions (o, p) of ¢ and data in C. Further,
it will detect the conflict between ¢ and cq, ..., ci
in C based on CDRs. We explain the meanings of
CDRs via natural language to enable the LLM to
comprehend rules and request the LLM to extract
and compare the action components (o, p) based on
CDRs and detect the conflicts. Finally, the reserved
contexts C' will be sent to LLM to generate answers,
and the judgment will be passed to a trimmer for
data index updating.

Database Updating. We construct the vector graph
index G using the Hierarchical Navigable Small
World (HNSW)(Malkov and Yashunin, 2016). Fur-
ther, employing the conflicts judgment between ¢
and set C', we assess the conflict of contexts within
C and leverage this assessment to prune index G.
First, a graph index G for the vector data stored in
vector database is constructed based on the HNSW
algorithm to facilitate subsequent search and other
operations. IndexHNSWFlat in Faiss(Douze et al.,
2024) is utilized for constructing, adopting NSW
algorithm(Malkov et al., 2014) and decomposing
it into multiple layers. After conflict detection, a
trimmer is utilized for conflict resolution between
contexts in C. Finally, we obtained a trained index

Algorithm 1: Index Trimming
Input: Query

1 for g in Query do

C,C <new // Contexts.

add Retrieve(q) to C;

for c in C do

if result <—Judge(c, q) then

add cto C; // Record

consistent contexts.

o A W N

7 else

L

Trim(c, C); // Record
conflict contexts.

9 for cq, co in C' do
if Trim(cl, 62) then
L Cutoff(cy, c2); // Cut off the

link for c¢; and cs.

graph G after multi-round trimming. The process
is shown in Algorithm 1.

Answer Generation. Selected information is fed
into LLM to generate the answer y. The input
consists of three parts: query ¢, fixed examples
A, and reserved contexts C, which are structured
orderly as the prompts. Details can be found in
Appendix. Finally, LLM generates the answer y,
articulated in the form of logical language.
Action Execution. The subsequent specific action
sequences are generated by the action generator
and then relayed to the robot for execution. We
follow the method in (Chen et al., 2024), utilizing
LLM to generate the final state of robots and an
action generator to deduce the action sequences
required to achieve this final state. If the robot

10
11
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successfully executes the command ¢, then the pair
q — vy is recorded in the form of [Information-Goal]
and added to the knowledge base K B.

5 EXPERIMENTS

5.1 Settings

Datasets. Our experiments are conducted in four
service scenarios, Café, Canteen, Kitchen and
Lounge. The four datasets are designed based
on the Virtual Home(Puig et al., 2018) and Al-
fred(Shridhar et al., 2020) benchmarks, and tai-
lored to closely align with the actual scenarios, fol-
lowing the method in (Chen et al., 2024). Each
dataset contains 200 data entries. The specific
construction method can be found in the App-
pendix B.1. Each data entry is composed of an
[Information-Goal] pair. Among all the data, 50%
consists of image information, with the remainder
being purely textual information. Goal y consists
of literals connected by A or V, and are first gener-
ated by GPT-40 and subsequently refined through
human judgment. Notably, our datasets target con-
strained service environments, where the number
of objects and actions is finite. Meanwhile, our
method is rule-based and non-parametric, which
does not learn from data. In that case, 200 samples
per scenario are sufficient to cover the requirement.
Metrics. We use grammatical accuracy (GA) and
interpretation accuracy (IA), to evaluate the per-
formance of our CDRs LLM-planner in the inter-
pretation of goal states, referring to the approach
outlined in (Chen et al., 2024). GA refers to the per-
centage of output goal states that are grammatically
correct and IA refers to the percentage of goals that
match the ground truth, which enables us to pre-
cisely evaluate both the grammar accuracy and the
content correctness of the generated answers.
Configurations. Contriever-MSMARCO(Izacard
et al.,, 2021) is employed as the retriever and
Faiss(Douze et al., 2024) as the utilized vector
database. By default, we set t=1, k=5, which means
one fixed example is employed as the demonstra-
tion and five contexts related to q are retrieved first.
In the selection of fixed examples, we employed a
method of random sampling from the knowledge
base K B. To test the performance of agent mem-
ory, we conducted a unified test after the robot had
undergone 100 rounds of autonomous exploration
and learning. The experimental results are pre-
sented as the average of 10 repeated trials, ensuring
a robust and reliable assessment.

5.2 Baselines.

Language models. CDRs LL.M-planner is evalu-
ated in both pure text and mixed image-text sce-
narios. Meanwhile, various baseline language
models serving as the answer generator, includ-
ing large-parameter LLMs such as GPT-3.5-turbo,
GPT-40, Claude 3.5 Sonnet, and smaller LLMs
such as Llama2-7b(Touvron et al., 2023), Llama3-
8b(Dubey et al., 2024), bloomz-7b1(Muennighoff
et al., 2022), falcon-7b(Almazrouei et al., 2023),
gemma-2-9b-it(Team, 2024a) and Qwen2.5-7b-
Instruct(Team, 2024b) in consideration of their
convenience, accessibility, and versatility. Among
them, bloomz-7b1 is the multitask-prompting fine-
tuned version of the BLOOM(Le Scao et al.,
2023). Multimodal LLMs includes large-parameter
LLMs such as GPT-40, Claude 3.5 Sonnet,
and smaller LLMs such as BLIP-2(Li et al.,
2023), LLaVA-Llama-3-8B(Contributors, 2023),
MiniGPT-4(Llama2 version)(Zhu et al., 2023).
LLM planners. Our evaluation encompassed the
assessments of three LLM planners: basic LLM
planner as agent without memory, RAG or mRAG
LLM planner as agent with simple memory, CDRs
LLM planner as agent with managed memory,
which generate responses by engaging with an
LLM. The distinguishing feature among them is the
specific prompts they employ: basic LLM planner
uses fixed examples A, RAG LLM planner utilizes
both A and retrieved contexts C, and CDRs planner
employs A and contexts after trimming C.

5.3 Main Results

Main results are shown in Table 1, and conclusions
can be deduced as below.

CDRs LLM planner works with various lan-
guage models. In the case of exclusively text, our
work surpasses the basic LLM planner, the most
significant increases of GA and IA both reach up
to 45.00%. Meanwhile, on smaller scale LLMs,
where the inherent memory and learning capa-
bilities are comparatively weaker than those of
larger-parameter LLMs, the gains achieved through
our high-quality RAG method are even more pro-
nounced.

Our work outperforms normal RAG LLM plan-
ner. CDRs LLM planner has on average boosted
the GA and IA accuracy by 15.25%, 14.25% and
14.00%, 11.25% over basic LLM planner and
normal mRAG LLM planner, respectively, which
proves its effectiveness compared to regular re-
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Café Canteen Kitchen Lounge
Language Model LLM Planner GA IA GA IA GA IA GA IA
Large-parameter LLM
base 85 83 72 70 79 73 80 78
GPT-40 mRAG 86(“) 70(1'13) 73@1) 73@3) 84(T5) 74(“) 83@3) 79(T1)
CDRs 100¢115)  8%te)  92¢120) 891199 92(113)  Bdany  9is)  8s)
base 89 79 78 73 89 80 84 79
Claude 3.5 Sonnet mRAG 80(19) T6(13) 8315y T8(15) 894 8212y 85¢p1) 823
CDRs Moy 87as)  9tin 83¢qio) 10001y 92¢12) o) 8910
Small-parameter LLM
base 16 13 28 25 26 23 18 12
CDRs 0¢3s) 473y Tta5) 58z 68(raz)  53(s0) 58(1a0) 4830
base 63 24 58 43 62 42 63 45
CDRs B0rr)  O9tas) 83ras) 5S4y Minnny 56y 80  O8(res)
base 52 28 57 34 55 37 49 26
MiniGPT-4 mRAG 48@4) 37(T9) 58@1) 42(T8) 46@9) 42@5) 48@1) 39(T13)
CDRs Maen)  68110) 82¢15) T0tse) 69cr1a)  60(as) Thirs) 63(1sm)

Table 1: Experiment results on different language models and methods. Values in parentheses respectively represent
the performance enhancement of the CDRs planner over the mRAG planner and the performance improvement of
the CDRs planner over the basic planner. Basic, mRAG and CDRs refer to the basic LLM planner, nRAG LLM

planner, and CDRs LLM planner, respectively.

(a)

(b)

Figure 4: An use example of the robot executing tasks following the customer’s instruction. In (a), the RAG
LLM planner is used, and the robot incorrectly informed the guest, "The hall light is already off." which was a
misinterpretation of the intended instruction. In (b), the CDRs LLM planner is used and the robot turns on the hall

light correctly.

trieval. Moreover, the RAG planner exhibited unex-
pectedly poor performance than the basic planner
on GPT-4o0, which significantly demonstrates that
the erroneous retrieved contexts due to low data
quality mislead LLM generations.

5.4 Analysis

We conduct the ablation analysis on: 1) RAG com-
ponent of our work; 2) The number ¢ of fixed ex-
amples A; 3) RAG method; 4) CDRs and LLM
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planner. More can be found in Appendix.

Impact of RAG component. We compared the re-
sults of the RAG component with retrieved contexts
and the basic demonstration component with fixed
examples. With both ¢ and k set to 5, we conducted
experiments on Café dataset, taking the average as
the result. To eliminate the influence of other fac-
tors, we conducted separate tests using only A and
only C, results are shown in Figure 6. It can be ob-
served that simple retrieval augmentation performs
mediocrely in embodied Al, and sometimes even
falls short of directly employing fixed examples as
demonstrations. Consequently, ensuring the data
quality before retrieval is imperative.

SelfRAG (GA)
GPT-40 0
Llama3-8b - +13
Llama2-7b 20
30 40 50 60 70 80 90 100
Accuracy (%)
SelfRAG (IA)
GPT-40 - 8
Llama3-8b - +18
Llama2-7b - ! ' J 14 ! ! ! !
30 40 50 60 70 80 90 100
Accuracy (%)
SuRe (GA)
GPT-40 -
Llama3-8b - +14
Llama2-7b 20
30 40 50 60 70 80 90 100
Accuracy (%)
SuRe (IA)
GPT-4o - +9
Llama3-8b - 17
Llama2-7b - ' ' s ! ! ! !
30 40 50 60 70 80 90 100
Accuracy (%)
Llama2-7b Llama3-8b GPT-4o0 O Base ® +CDRs

Figure 7: Comparison on SOTA methods.

Ablating fixed examples. ¢ denotes the number
of utilized fixed examples, to explore the impact
of varying ¢ on the overall model performance, we
set ¢ from 1 to 5 across the three planners and con-
ducted repeated experiments to obtain the results,
which are shown in Figure 5. More results can be
found in Appendix B.6. The findings reveal that
an increase in ¢ enhances performance when the
overall number of input documents is sparse. Con-
versely, when the total number is high, elevating
t yields minimal performance gains and could po-

tentially result in a degradation. This implies that
an overabundance of contexts might engender con-
flicting information, thus misdirecting the LLM.
RAG method. We have included additional ex-
periments comparing our method with three recent
SOTA methods: SelfRAG(Asai et al., 2024) and
SuRe(Kim, 2024) on Café_t dataset. The other set-
tings are the same as that in Configurations. As
shown in Figure 7, CDRs consistently improves ac-
curacy across all models and frameworks, demon-
strating its robustness and generalizability. Smaller
models like Llama2-7b benefit significantly more
(up to +20%) compared to stronger models like
GPT-40, which indicates CDRs effectively com-
pensates for lower baseline capabilities.

LLM and CDRs planner. We have added a new
baseline LLM Filter where a LLM(GPT-40) is
prompted to directly judge whether conflicts ex-
ist in retrieve passages. Index are trimmed based
on the judgment of LLM Filter. As Table 2 shows,
LLM filter has better performance than those plan-
ners without conflict detection, which confirms that
conflict detection is necessary and critical. Mean-
while, it still performs worse than CDRs planner,
demonstrating that explicit rule-based conflict res-
olution is more effective than simply prompting an
LLM to directly judge conflicts.

Planner GPT-40 BLIP-2 MiniGPT4
GA TA GA TA GA 1A
LLMFilter | 92 84 42 35 57 46
CDRs 100 8 50 47 79 68

Table 2: Comparison of CDRs and LLM filter planners.

Robustness analysis. To better assess robustness
and simulate the real world, we have conducted
additional noise injection experiments on Café_t
dataset and gpt-3.5-turbo model with other settings
remaining unchanged. 10% irrelevant, 10% con-
tradictory sentences and the mixture of the two
situations are treated as data noise, injected into the
test data, repectively, simulating the real-world sit-
uation. As results showed in Table 3, CDRs demon-
strate good resilience, maintaining 92% GA under
mixed noise (only an 8% drop) compared to RAG’s
significant collapse to 63% (-15%). This confirms
that our explicit conflict detection effectively fil-
ters misleading information, preserving planning
reliability even when the data is imperfect.

Use Example. We implemented CDRs LLM plan-
ner with OBTEA(Chen et al., 2024) to generate
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Figure 5: Fixed examples ablation on Larger LLMs.

Retrieve vs Basic: Accuracy Delta (GA / 1A)

GA 1A

Llama3-8b

Llama2-7b +6

Claude 3.5 Sonnet 2 +3

GPT-do +0 +3

LIS T T B S % 2 o 1 & 6
AAccuracy (Retrieve — Basic) AAccuracy (Retrieve — Basic)

Figure 6: Comparison between fixed examples A and
naive retrieved contexts C' on Café.

Noise Condition Method GA (%) 1A (%)
vy B w9

10% Irrelevant gggs ;g Ej ;l; g; Et g
10% Contradictory gggs 6;;5(& 150)) 5845(& 177))
10% + 10% Mixed Eggs 6932(&185)) ‘6‘3 Ei ﬁ;

Table 3: Performance Comparison with Delta Values

action sequences in a Café environment, achiev-
ing a comprehensive and reliable robot system as
shown in Figure 4. The environment is constructed
digitally using the simulator in MO-vIn(Liang et al.,
2023), where a humanoid robot serves as a waiter.
The robot waiter conducts visual segmentation and
detection to obtain information about objects from
various perspectives.

6 Conclusions

CDRs significantly advance the capability of em-
bodied Al to accurately interpret and execute natu-
ral language commands in a cross-modal manner.
Its innovative integration of data quality manage-
ment with RAG enhances both the reliability and
accuracy of task planning. Meanwhile, the success-
ful deployment of the CDRs LLM planner demon-
strates the practicality and adaptability of our work,
showing its potential for future applications.
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Limitations

Although CDR has achieved considerable improve-
ments, it still falls short in overall accuracy for
small LLMs. This may be due to the inferior
reasoning capabilities of small-parameter models,
which require higher data quality. Further refine-
ment of logical rules may help address this issue.
Additionally, the need to invoke LL.Ms for conflict
detection during training incurs extra costs, which
may increase latency in time-sensitive applications.
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A Appendix
B Experiment

B.1 Datasets Construction

Based on scenario characteristics and predicate
features, objects are categorized as illustrated in
Table 6. Specific details can be found in Ta-
ble 7,8,9,10, respectively. Moreover, the four dis-
tinct scenarios datasets, including Café, Canteen,
Kitchen, and Lounge, are constructed leveraging
LLMs integrated with the classification results.
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Figure 8: ROC curve of 6.

B.2 Hyperparameters Selection

0 is used as the threshold of selecting similar vec-
tors. Specifically, to determine the threshold of the
classifier, We have collected a sample consisting
of 400 positive and 400 negative instances. The
training data is collected from the exploration pro-
cess(Section 5.1 Configurations). Since we have
conducted exploration and learning for 100 rounds,
various labeled data have been generated. We se-
lected positive and negative samples separately and
randomly selected 400 as the training set for ROC.
Subsequently, the Receiver Operating Characteris-
tic (ROC) curve is constructed based on samples
and thereby we obtained the optimal classification
threshold 6. The ROC curve is shown in Figure 8.

B.3 Prompting

Based on time and performance considerations,
we choose OpenAI> GPT-40 API as the employed
LLM. We primarily utilize LLM in two parts, with
detailed prompts as follows.

B.4 CDRs Judgments

Prompting is used to achieve the functionality of ex-
tracting components and making judgments based
on CDRs. The specific prompts are shown in Ta-
ble 4.

B.5 Prompt for Answers

After retrieval, we combine the retrieval contexts
and other instructions to prompt the language gen-
erator for the final answers. To align with the spe-
cific scenario, we follow the method in (Chen et al.,

2https://platform.openai.com/docs/
api-reference

2024), designing task instructions shown in Table
5.

B.6 Results

Table 11,12 shows the full results of CDRs with
mRAG and RAG on different language models and
methods. Due to space constraints in the main text,
we present the complete results here. Table 13,14
and 15 show the results of fixed example abla-
tion on basic LLM planner, RAG LLM planner,
and CDRs LLM planner on Café_t dataset, respec-
tively. In this experiment, GPT-3.5-turbo, GPT-40,
CLaude 3.5 Sonnet, Llama2-7b, Llama3-8b and
bloomz-7b1 are employed as the language gener-
ator. With ¢ ranking from 1 to 5, k set to 5, we
conducted 10 repeated experiments and took their
average values.
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CDR: CDR ¢,

Prompt: You are a cautious language assistant.

###[Rules] Here are some language rules:

# If the two sentences can be identified as similar, then the subjects, predicates and objects of the two
sentences are similar. Be especially mindful of predicate phrases that appear similar but actually have
opposite meanings, which make sentences dissimilar.

###[Instructions] Are the following statements similar with the question? Just say True if they are;
otherwise just say False. Only output one word.

Sentences:
He turned on the radio.
He turned off the radio.

Answer: False.

Table 4: Prompts used for CDRs judgments

Task Instruction

[System]

[Condition Predicates] Lists all predicates representing conditions and their optional parameter sets.
[Objects] Lists all parameter sets.

[Few-shot Demonstrations] Provide several examples of Instruction to Goal mapping.

1. Your task is to interpret the input instructions into a goal represented as a well-formed formula in
first-order logic.

2. Utilize [Conditions] and [Objects] to construct this goal, and apply logical operators (&, |, ~)
appropriately to combine these elements.

& (AND Operator): Combines conditions such that the result is true only if both conditions are true.

| (OR Operator): Combines conditions such that the result is true if at least one of the conditions is true.
~ (NOT Operator): Negates or reverses the truth value of a single condition.

3. The predicate formulas can be converted into disjunctive paradigms (DNFs) using the python package
sympy.todnf.

4. Please generate directly interpretable predicate formulas without any additional explanations.

5. Provide only a single line goal formula without specifying any steps.

Table 5: Task instruction for answer generation.
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Predicate-condition

Scenario Predicate Category
Café RobotNear, On, Holding, Exists, | <items_place> , <items>, <makable>, <furniture>,
Dirty, Active, Closed, Low <appliance>, <furnishing>, <control>, <place>
turn, walk, sit, grab, open, put, <direction>, <Food>, <Beverage>, <Cleaning>,
Canteen | close, putin, touch, drink, lookat, <Appliance>, <Furniture>, <Controls>,
switchon, switchoff, walktowards <Preparation_Tools>, <Dining_Utensils>
turn, walk, sit, grab, open, put, <direction>, <Food>, <Controls>, <Beverage>,
Kitchen | close, putin, touch, drink, lookat, <Furniture>, <Appliances>, <Furnishings>,
switchon, switchoff, walktowards <Cooking_tools>, <Dining_utensils>
turn, walk, sit, grab, open, put, <direction>, <Furniture>, <Appliances>,
Lounge | close, putin, touch, drink, lookat, <Controls>, <Food>, <Beverage>,
switchon, switchoff, walktowards | <Furnishings>, <Daily_Items>, <Miscellaneous>
Table 6: Dataset of Predicate-condition
Object-List (Café)
Category Objects
<items_place> <items>+<place>

<makable> ‘ Coffee, Water, Dessert
<Appliance> | AC, TubeLight, HallLight
<Furniture> ‘ Tablel, Floor, Chairs
<Controls> ‘ ACTemperature
<Furnishing> ‘ Curtain
Bar, Bar2, WaterStation, CoffeeStation,
<places Tablel, Table2, Table3, WindowTable6, WindowTable4, WindowTable5,
P QuietTable7, QuietTable8, QuietTable9, ReadingNook,
Entrance, Exit, LoungeArea, HighSeats, VIPLounge, MerchZone
Coffee, Water, Dessert, Softdrink, BottledDrink, Yogurt,
ADMilk, MilkDrink, Milk, VacuumCup,Chips, NFCJuice, Bernachon,
ADMilk, SpringWater, Apple, Banana, Mangosteen, Orange,
Kettle, PaperCup, Bread, LunchBox,Teacup, Chocolate, Sandwiches,
<items> Mugs,Watermelon, Tomato, CleansingFoam,CocountMilk,SugarlessGum,

MedicalAdhensiveTape, SourMilkDrink, PaperCup,Tissue, YogurtDrink,
Newspaper, Box,PaperCupStarbucks, CoffeeMachine, Straw, Cake, Tray,
Bread,Glass, Door,Mug, Machine,PackagedCoffee, CubeSugar,Apple,
Spoon,Drinks, Drink,Ice, Saucer,TrashBin, Knife,Cube

Table 7: Object-List of Café
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Object-List (Canteen)

Category ‘ Objects
<direction> ‘ left, right
Apple, Banana, Orange, Peach, Pear, Carrot, Cucumber,
<Food> Potato, Tomato, Chicken, Salmon, Bread, BellPepper,
Bread_Slice, Pancake, Chips, Salad, ChocolateSyrup, Cereal
<Beverage> ‘ Coffee_pot, Milk, Alcohol, Beer, Bottle_water, Wine
<Cleaning> ‘ DishWashing, Dustpan, Washing_sponge, Towel, Towel_rack
<Appliances LightSwitch,
PP Power_socket, WallPictureFrame, WallTV, Wall_lamp, Wall_phone
) Chair, Desk, Nightstand, Shelf, Sofa
<Furniture>

Dining_Table, Coffee_Table, Kitchen_Table

Walllamp, Powersocket,
<Controls> Wallphone, WallTV, Stove, Kettle, OvenTray, Washingmachine,
Microwave, LightSwitch, Fridge, CeilingFan, Ceilinglamp, Dishwasher

ChefKnife, FryingPan, Stove, Toaster, Kettle,

<Preparation_Tools> ) ; .
P - Microwave, Cutting_board, Dishwasher, OvenTray

Cutlery_Knife, Cutlery_fork, Spoon, Dish_bowl, Plate,

<Dining_Utensils> Mug, WaterGlass, WineGlass, Napkin, PaperTowel

Table 8: Object-List of Canteen

Object-List (Kitchen)

Category ‘ Objects

<direction> ‘ left, right

Apple, Banana, Orange, Peach, Pear, BellPepper, Carrot, Cucumber,
<Food> Potato, Tomato, Chicken, Salmon, Bread, Pancake, Chips, Salad, Milk,
Alcohol, Beer, Wine, Coffee_pot, Bread_slice, Bottle_water, ChocolateSyrup

<Beverage> ‘ Bottlewater, Beer, Coffeepot, Milk, Alcohol, Wine

Stove, Kettle, Fridge, Dishwasher, Toaster, Microwave,

<Controls> Ceiling_Fan, Ceiling_lamp, Washing_machine, Light_Switch
<Appliance> ‘ Box, Microwave, Fridge, Washingmachine, Dishwasher, Cabinet
<Cooking_tools> ‘ ChefKnife, FryingPan, Stove, Toaster, Kettle, Microwave, Cutting_board
<Furniture> ‘ Chair, Desk, Dining_Table, Kitchen_table, Nightstand, Shelf, Sofa
<Furnishings> ‘ Curtains, WallPictureFrame, WallTV, Wall_lamp, Wall_phone

Cutlery_Knife, Cutlery_fork, Spoon, Dish_bowl,

<Dining_Utensils> Plate, Mug, Wine_Glass, Napkin, Paper_Towel

Table 9: Object-List of Kitchen
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Object-List (Lounge)

Category ‘ Objects
<direction> ‘ left, right
<Daily Ttems> Pen, Notebook, Magazine, Book,
Y- Boardgame, Cards, TeddyBear, Toy
<Beverage> ‘ WaterGlass, WineGlass, Beer, Wine, Coffee_pot
<Controls> Dishwasher, Radio, WallTV, Ceilinglamp, CeilingFan, Printer,
Projector, Powersocket, LightSwitch, WallPictureFrame, Clock
<Appliances HairProduct, BookShelf, Fridge, Door, Microwave, Washingmachine,
PP Box, Curtains, Dishwasher, Cabinet, Drawer, Garbagecan, Window,
Apple, Banana, Orange, Peach, Pear, BellPepper,
<Food> PancakeChips, Salad, Milk, Alcohol, Beer, Wine,
Coffee_pot, Bread_slice, Bottle_water, ChocolateSyrup
<Furniture> ‘ BookShelf, Coffeetable, Chair, Nightstand, Sofa, TVstand, Plate
<Furnishings> ‘ WallPictureFrame, Clock, Vase, PhotoFrame, Perfume
<Miscellaneous> Cellphone, Computer, CPU_screen,

Coatack, Window, Faucet, Garbage_can

Table 10: Object-List of Lounge
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Café_t Canteen_t Kitchen_t Lounge_t
Language Model LLM Planner GA A GA A GA 1A GA A
Large-parameter LLM
base 75 75 71 68 75 60 73 61
GPT-3.5-turbo RAG 78(13) 114 72(11) 66(,2) 75(10) 6616) T411) 65(14)
CDRs 100¢25)  92¢117) T8ty T2¢ra)  Hrig)  T2(r12)  89p1e)  T8(1im)
base 88 82 78 71 77 69 83 67
GPT-40 RAG 85(y3) 68(114)  T8(10) 73(12) 88111)  68(y1) 85(12) 2(15)
CDRs 97(19) 9Nr9)  8911) 8lipio) 9013y 88(119)  9Br10)  82(115)
base 90 85 80 71 82 72 85 73
Claude 3.5 Sonnet RAG 85@5) 68@17) 79(l1) 71@0) 80@2) 74(T2) 87”2) 72(‘L1)
CDRs 100¢t10)  91re) 010y 82¢11) By 841y ey 83(110)
Small-parameter LLM
base 17 14 32 21 28 9 22 6
Llama2-7b RAG 33(T16) 20(T6) 54(T22) 46(725) 54(T26) 16(T7) 42(120) 22<T16)
CDRs 63¢ta6)  Slpary  T3cran)  Sliso)  68(ran)  3B(126)  BBrraz)  33(12m)
base 64 42 69 40 66 32 22 6
Llama3-8b RAG 61@3) 52”10) 50@19) 41(T1) 59@7) 32(T0) 50(T28) 33(T27)
CDRs 85¢t21)  T2(130)  82(t13)  4Tm) o) 40¢s)  T2(150)  4l(3s)
base 25 5 34 13 39 3 36 3
bloomz-7b1 RAG 42117 20(415)  95(p21)  44p31) 4647y 21118y 93111y 20(q17)
CDRs 3 (160) 3(r28)  T9(ras)  98(1a5)  65(126)  33(r30)  68(32)  32(429)
base 34 6 46 4 23 3 16 3
falcon-7b RAG 46(712) 24(T18) 51(T5) 21(717) 44<T21) 18(T15) 35(719) 12<T9)
CDRs "2¢38)  3Tgay  TBaen 34gs0)  TTasy 3613z 52¢36)  3l(r2s)
base 47 36 55 39 41 34 40 27
gemma—2—9b—it RAG 63”16) 56@20) 62@7) 58@19) 63(T22) 57(T23) 64”24) 49(T22)
CDRs 83(136)  T2(136) 88(13z)  TI(ra0) 8l(rao)  T8(ras)  T8(r38)  59(132)
base 57 23 53 29 50 27 47 21
Qwen2.5-7b-Instruct RAG 53@4) 45@22) 59(T6) 46(T17) 56@6) 40(T13) 43@4) 24(T3)
CDRs B2y 64¢ra)  T3r20)  69(ra0)  TO(r20)  59p32)  T2(125)  57(136)
Table 11: Experiment results of RAG on different language models and methods.

Café_t,Canteen_t,Kitchen_t,Lounge_t

denotes the subset of the datasets, which comprises exclusively
textual data. Bold numbers indicate the best performance among models. The values in parentheses respectively
represent the performance enhancement of the CDRs planner over the RAG planner and the performance
improvement of the CDRs planner over the basic planner. Basic, RAG and CDRs refer to the basic LLM planner,
RAG LLM planner, and CDRs LLM planner, respectively.
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Café Canteen Kitchen Lounge
Language Model LLM Planner GA 1A GA A GA A GA TA
Large-parameter LLM |
base 85 83 72 70 79 73 80 78
GPT-40 mRAG 86(T1) 70@13) 73(T1) 73@3) 84@5) 74(T1) 83@3) 79@1)
CDRs 100¢115)  891e)  92(120)  89(p19)  92(113) 84y 915 83(s)
base 89 79 78 73 89 80 84 79
Claude 3.5 Sonnet mRAG 80@9) 76(13) 83(T5) 78@5) 85@4) 82(19) 85(1-1) 82@3)
CDRs Yas)  8Tgs)  95in 8oy 10001y 92¢12)  9Be)  89(110)
Small-parameter LLM |
base 16 13 28 25 26 23 18 12
BLIP-2 IHRAG 35“19) 28(Tl5> 46(T18) 43(?18) 42(T16) 37(T14) 38(T20) 24(T12>
CDRs 50ct3e)  47(r3a)  T3(r45) 58(133)  68(1az)  53(130)  58(140)  48(130)
base 63 24 58 43 62 42 63 45
LLaVA-Llama3-8b mRAG 58@5) 36@12) 52(1(;) 42@1) 59@,3) 46(T4) 63@0) 56@11)
CDRs 80¢tir)  69¢145)  83(r2s) 541y iy 56¢r1a)  80(riry  68(123)
base 52 28 57 34 55 37 49 26
MiniGPT-4 mRAG 48@4) 37@9) 58(T1) 42@3) 46@9) 42@5) 48@1) 39(7‘13)
CDRs 7927y 68(ra0)  82(125)  70qze) 69114y  60(123)  Td(q25) 6337

Table 12: Experiment results of multimodal mRAG on different language models and methods. Bold numbers
indicate the best performance among models. The values in parentheses respectively represent the performance
enhancement of the CDRs planner over the RAG planner and the performance improvement of the CDRs planner
over the basic planner. Basic, mRAG and CDRs refer to the basic LLM planner, nRAG LLM planner, and CDRs
LLM planner, respectively.

1 2 3 4 5
GA TA GA TA GA TA GA TA GA 1A

Large-parameter LLM ‘
GPT-3.5-turbo ‘ 88 64 88 67 79 58 8 70 94 76
GPT-40 ‘ 88 82 100 82 97 79 97 79 88 82
Claude 3.5 Sonnet ‘ 90 8 8 70 82 67 8 70 85 80

Small-parameter LLM ‘
Llama2-7b ‘ 7 4 13 8 10 4 10 5 13 10
Llama3-8b ‘ 64 42 61 30 58 40 52 36 70 42
bloomz-7b1 ‘ 25 5 23 8 25 8 39 10 42 12

Table 13: Experiments of Basic LLM planner on different language models.
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t GA 1 IA GA2 IA GA : IA GA4 IA- GA 1A
Large-parameter LLM ‘
GPT-3.5-turbo ‘ 82 58 82 55 8 67 8 61 79 64
GPT-40 ‘ 85 68 88 70 82 67 91 73 91 76
Claude 3.5 Sonnet ‘ 89 76 82 67 73 61 82 67 80 73
&nﬂbpmunwerLNI‘
Llama2-7b ‘ 33 20 35 22 32 18 37 24 33 23
Llama3-8b ‘ 61 52 67 39 58 39 67 39 58 42
bloomz-7b1 ‘ 42 20 50 19 47 12 47 7 50 11
Table 14: Experiments of RAG LLM planner on different language models.
. 1 2 3 4
GA TA GA TA GA TA GA TA GA 1A
Large-parameter LLM ‘
GPT-3.5-turbo ‘ 100 92 97 88 100 8 97 83 97 88
GPT-40 ‘ 97 91 100 88 100 94 97 94 100 091
Claude 3.5 Sonnet ‘ 100 91 100 88 100 91 100 88 100 91
&nMmemnwmrLth‘
Llama2-7b ‘ 74 59 68 51 65 52 71 57 74 60
Llama3-8b ‘ 8 72 94 70 & 67 91 79 91 67
bloomz-7b1 ‘ 85 33 84 33 81 35 80 36 82 31

Table 15: Experiments of CDRs LLM planner on different language models.
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