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Abstract

The rapid expansion of the space industry has led to an increasing volume of technical documents, operational guide-
lines, and scientific publications. As space activities become more complex, effective decision-making and operations
management require efficient processing of vast and ever-changing information sources to support new developments in
the sector. Space operators must navigate regulations, guidelines, safety protocols, and mission-critical data, which makes
knowledge retrieval a significant challenge. The ability to extract, synthesise, and communicate relevant information
quickly is essential for ensuring safety, optimizing operations, and addressing emerging challenges in space traffic man-
agement and debris mitigation. To address these challenges, we propose a conversational agent powered by a Retrieval
Augmented Generation (RAG) pipeline, leveraging Large Language Models (LLMs) and information retrieval techniques.
Our system processes extensive documentation, retrieving and generating contextually relevant responses based on official
reports, scientific literature, operational directives, and guidelines to provide actionable insights for space operations. Our
methodology involves evaluating various retrieval strategies and embedding techniques to improve information accuracy.
Furthermore, we explore different RAG configurations to optimize response generation, ensuring precise and reliable com-
munication. To mitigate the risk of generating misinformation and harmful content, we integrate state-of-the-art techniques
for conditioning LLM outputs, reinforcing safety and ethical considerations in our conversational agent’s responses. This
research integrates state-of-the-art Al technologies with domain-specific space knowledge to contribute to the development
of intelligent systems for space operations. Our approach aims to improve decision-making and space traffic management,
and address the growing challenges posed by space debris. Ultimately, this research supports the advancement of safer and
more sustainable space activities and applications, aligning with global efforts to ensure long-term space exploration.

1. Introduction

As space missions increase in both complexity and fre-
quency, the volume of documentation that engineers and
operators must process has grown significantly. This in-
cludes engineering reports, operational guidelines, regula-
tory protocols, and scientific publications. Today’s mis-
sion teams are required to make rapid, high-stakes de-
cisions based on highly specialized and constantly ever-
evolving information. However, much of this workflow
still relies on manual analysis, legacy systems, and hu-
man recall, which makes the process inefficient, hard to
scale, and costly [1]. These challenges render the task
time-consuming, error-prone, and mentally demanding for
mission personnel [1, 2].
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An example of such documentation is the Concurrent
Design Facility (CDF) report [3], typically 200-300 pages
long, covering a broad spectrum of mission-related content.
These reports frequently address topics such as mission de-
sign, system integration, payload components, ground in-
frastructure, operational planning, and risk evaluation [3].
Another use case was identified at the German Space Op-
erations Center (GSOC) [2] of the German Aerospace
Center (DLR), where operators must interpret large vol-
umes of technical data and respond rapidly to unexpected
events. Integrating LLM-based tools into this context of-
fers a way to ease that burden, providing fast, context-aware
responses that can assist engineers during both training and
live missions [2].

These examples highlight a growing demand for intelli-
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gent systems that can effectively navigate domain-specific
documentation and provide accurate, context-aware in-
sights in real time. As space operations become increas-
ingly data-driven, the ability to quickly retrieve and synthe-
size relevant information is no longer optional, it is essen-
tial for mission success, operational safety, and long-term
sustainability [3, 2, 1].

LLMs, particularly when combined with retrieval tech-
niques through the RAG methodology, offer a promising
solution to this challenge [2].

2. Related Work

The use of LLMs in space systems has gained attention
as agencies seek to manage growing volumes of documen-
tation. Early efforts adapted general-purpose models like
BERT [4] to domain-specific contexts. To address limita-
tions on specialized corpora, Berquand et al. [5] proposed
SpaceTransformers, three models further pre-trained on
curated space datasets.

Garcia-Silva et al. [3] introduced SpaceQA, the first
open-domain QA system for space mission design, com-
bining dense retrieval with neural reading. While ef-
fective, it highlighted the need for domain-specific fine-
tuning. Another line of research explored question an-
swering over structured knowledge bases, where natural
language queries are mapped into structured database pro-
grams [6].

A multimodal approach for space robotics fine-tuned a
vision-language model on Martian terrain, showing the po-
tential of foundation models for scalable and autonomous
operations [7]. More recently, LLMs have been evaluated
in mission operations: at GSOC for information retrieval
and decision support under time pressure [2], and as ex-
pert agents for mission management with capabilities like
data analysis, summarization, and planning, designed for
offline deployment to ensure confidentiality [1]. Some of
this work [1, 2] also highlights the need to integrate exter-
nal knowledge into LLMs. Retrieval Augmented Genera-
tion (RAG) has become a widely adopted approach [8] to
improve factual accuracy and domain coverage.

2.1 Our Work
In this study, we present a evaluation of key compo-
nents in RAG pipelines, applied to space-specific text. We
evaluate both the retrieved context as well as quantify how
retrieval quality influences the quality of said answers.
Our main contributions are:
1. Construction of a synthetic dataset with 7,036 ques-
tion across five tasks: direct and abstract Q&A, fact-
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checking, summarization, and analysis (Sec. 4.1).

2. Examination of LLM preferences for passages ob-
tained directly from retrieval and after reranking, to
assess the quality of the retriever and the necessity of
reranking (Sec. 5).

3. End-to-end evaluation of the RAG pipeline on the five
tasks, to analyze how retrieval quality affects down-
stream generation and the model’s robustness to irrel-
evant in-domain and out-of-domain passages within
the context (Sec. 6).

Finally, it is important to note that much of the data used
in mission operations is highly confidential and cannot be
processed through cloud-based services [2]. To address
this constraint, our work focuses on open-source models
and frameworks that can be deployed entirely within closed,
secure environments, aligning with the strict privacy and
operational control both on the ground and in space.

3. Retrieval Augmented Generation:
Enhancing LLMs with External Knowledge

With the widespread adoption of LLMs [9, 10, 11], these
models have demonstrated exceptional capabilities across
various linguistic tasks. However, they also encounter
significant challenges in domain-specific or knowledge-
intensive contexts [12]. Common issues include the gen-
eration of incorrect information, commonly called hallu-
cinations [13]. To address these limitations, RAG inte-
grates external knowledge as context to improve the per-
formance of LLMs. The basic version of a RAG system
consists of two tightly coupled components (see Fig.1):
1. A Retriever (Fig.1), which takes the user’s query, per-
forms vectorization, and searches for semantically relevant
document chunks (passages) from the indexed vector store.
This stage may also involve additional post retrieval steps
such as reranking and metadata filtering to refine the se-
lection of passages. 2. A Generator (Fig. 1), typically
a LLM, which receives both the query and the retrieved
passages as input. By incorporating these passages into its
prompt, the generator produces a more accurate, contextu-
ally grounded, and informed response.

The key difference between generating an answer with
and without RAG lies in the added context, which enables
the LLM to incorporate external, up-to-date information
into its response, improving the accuracy and credibility of
the generated response [8].

3.1 The Retriever

The retriever serves as a bridge between the LLM and
external knowledge sources, extracting relevant informa-
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Fig. I: RAG system architecture. Solid lines represent
core components including query processing, document
chunking, vectorization, retrieval, and language model
integration. Dashed lines indicate optional components
such as metadata filtering, reranking, and summariza-
tion steps.

tion to support generation. Retrieval quality relies heav-
ily on semantic similarity, typically measured via cosine
similarity between query and document embeddings [8].
These embeddings can be either sparse vectors (e.g., TF-
IDF, BM25 [14]) or dense vectors from Deep Learning
(DL) models. Hybrid retrieval, which combines both, of-
ten improves performance by leveraging complementary
strengths [15].

Dense models can struggle in specialized domains like
healthcare, law, finance, or space debris mitigation, where
domain-specific jargon diverges from pretraining data [15].
To address this, approaches like hybrid search and learnable
sparse models (e.g., SPLADE [16], BGE-M3 [17]) are
emerging as effective alternatives.
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3.2 The Generation

The generator, typically a LLM, produces the final re-
sponse using both the input query and the retrieved context.
Its effectiveness depends not only on the model architecture
but also on its ability to integrate external information into
coherent and grounded outputs. Fine-tuning can improve
domain alignment and factual accuracy [18], while prompt-
based methods such as few-shot learning and prompt en-
gineering offer flexible adaptation to new tasks without
retraining [8, 19]. However, both approaches are limited
by context length and task complexity.

4. Data

A central objective of this work is to systematically eval-
uate the components of a RAG pipeline within the context
of space debris mitigation. To support this evaluation,
we required a dataset of domain-specific question. Since
constructing such a dataset entirely by hand would be pro-
hibitively resource-intensive, we adopted a hybrid strategy
that combines expert-curated samples with synthetic data
generation techniques.

We collected 39 documents from diverse sources, in-
cluding official ESA reports and peer-reviewed conference
papers on space debris mitigation. All documents are avail-
able in our GitHub repository!. These documents exhibit
significant variation in format: some use one column, oth-
ers two; they include diverse structural elements, headers,
and numerous images. Such heterogeneity required ad-
vanced parsing tools capable of handling diverse element
types and multiple PDF formats, including scanned doc-
uments. While these tools perform remarkably well on
complex structures such as tables and equations, they often
fail to consistently extract clean, unformatted text, resulting
in incoherent sections and misplaced paragraphs.

Since our documents are text-based PDF files, and to
address the previous errors, we used semchunk [20] to
segment the documents into coherent passages, each with
a maximum length of 2,000 tokens. While semchunk
does not offer the full range of functionalities provided by
more complex parsers, it focuses solely on textual content
and segments the documents based on semantic coherence,
resulting in well-structured passages.

Next, we need to generate questions for each chunk
using synthetic data generation. We describe this process
and the techniques used below.

"https://github.com/rcBelo/Space-LN
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Table 1: Relative frequency (%) of relevance scores for Retriever and Reranker outputs using 2,000-token setting. Best
values per Top-K (across all models) are in bold, second-best are underlined.

TopK  Method BM25 Qwen2-1.5B
0, 1, 27 37 o0l 1, 27 31

Top3 Rewiever 212 344 5478 3966 173 244 5335 4247
OP>>  Reranked 129 178 52.18 4476 126 137 5241 4495
Tops Retiever 208 482 5996 3224 249 338 5916 3497
P Reranked 2.13 276 5855 3656 207 241 5862 36.90
opy Rewiever 378 582 6252 2788 315 391 6217 30.77
p Reranked 2.65 370 6204 31.61 262 321 6214 32.03
Ton.o Retriever 480 705 6438 2376 385 474 6472 26.68
P Reranked 3.51 4.80 64.87 2682 3.32 424 6509 27.34

4.1 Synthetic Data Generation

We began by selecting passages from two in-domain
documents, chosen by a domain specialist: the ESA Space
Environment Report and the ZERO DEBRIS CHART: To-
wards a Safe and Sustainable Space Environment. Follow-
ing the approach in [21], and to provide high-quality ques-
tions for synthetic data generation, the specialist crafted one
or more questions for each passage aligned with five distinct
task types: Direct Q&A, Abstract Q&A, Fact Checking,
Summarization, and Analysis. Each task represents com-
mon real-world use cases of the pipeline according to our
domain expert and tests different capabilities of the system.
¢ Direct Q&A: Questions with answers that are explicitly

stated in the text.

* Abstract Q&A: Questions that require synthesizing or
paraphrasing content rather than extracting it verbatim.

e Fact Checking: The model must determine whether
a given statement is supported, refuted, or unverifiable
based on the passage.

* Summarization: Requires the model to generate a con-
cise summary of the chunk.

* Analysis: Involves higher-order thinking, such as draw-
ing implications or making evaluative judgments based
on the content.

We gathered 62 question—passage pairs, which we refer
to as our golden samples. These high-quality, human-
annotated examples served as the foundation for generating
additional data across the rest of the corpus.

For each chunk and each task, we sampled five repre-
sentative question—passage pairs from the golden samples.
Following [21], we included these examples in the input
prompt to the LLM to leverage its few-shot learning ca-
pabilities, which have been shown to improve the quality
of synthetic data generation [22]. The model used for this
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generation was Llama 3.3 70B [23], running with 8-bit
quantization. Using this setup, we generated 1,506 ques-
tions per task. We then did a filtering step, similar to [21],
which has been shown to effectively remove low-quality
synthetic queries [24, 25] and ensure the overall quality
and relevance of the dataset. The details of this process are
provided in App. B. In total, we obtained 7,036 questions,
each generated from a semantically coherent passage of up
to 2,000 tokens. These chunked passages also constitute
the retrieval corpus used by the pipeline during evaluation.

5. Context Relevance Evaluation

We use BM25 [14] and Qwen2-1.5B ? [26] as our base-
line retrievers, BGE-M3[17] as our reranker. Our goal is
to evaluate the standalone performance of the retriever and
to assess the additional impact of the reranker. In partic-
ular, we aim to answer the question: “Is the reranking
step actually necessary?”’ In other words, for our spe-
cific task, does reranking significantly improve the qual-
ity of the retrieved passages, or are the retriever outputs
alone sufficient? Since the drawbacks of reranking are
non-negligible, we provide further discussion in App.A.

To answer this question, we ask the LLM itself to eval-
uate the relevance of each retrieved passage, both before
and after reranking. For this purpose, we use Llama 3.3
70B as our evaluator. The use of LLMs for evaluation is al-
ready established in frameworks such as RAGAS [27] and
is increasingly adopted in advanced retrieval pipelines [8],
where the model acts as a judge. Recent adaptive retrieval
approaches further demonstrate that LLMs can reliably de-
cide which passages to retain or discard, as well as when to

2https ://huggingface.co/Alibaba-NLP/gte-Qwen2-1.
5B-instruct
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actively retrieve additional information in an agentic man-
ner [8]. Employing an LLM as an automatic evaluator
therefore allows us to directly measure whether reranking
meaningfully improves the quality of the retrieved content.

We design a custom prompt (Fig.A1) that instructs the
model to score each question—passage pair on a scale from
0 to 3, where 0 indicates complete irrelevance and 3 in-
dicates high relevance. This fine-grained scoring scheme
is motivated by prior work showing that multi-level rele-
vance labels improve the performance of LLM-based clas-
sifiers [28]. We evaluate performance across four top-k
ranges: 3, 5, 7, and 10. For reranking, we first retrieve
the top-100 passages with the respective retriever and then
rerank them to match the target top-k range.

As shown in Table 1, the reranked results consistently
reduce the proportion of irrelevant passages (scores 0 and
1) across all top-k settings. For instance, at Top-3 with
BM25, the reranker lowers the percentage of completely
irrelevant passages from 2.12% to 1.29% while increasing
the share of highly relevant ones (score 3) from 39.66%
to 44.76%. This pattern holds across the evaluated top-
k values, indicating that reranking effectively filters out
less relevant passages and boosts the proportion of highly
relevant results.

For moderately relevant passages (score 2), however, the
retriever slightly outperforms the reranker in most settings.
This suggests that reranking tends to trade some mid-level
relevance for gains in the highest relevance category (score
3), while simultaneously reducing the frequency of irrele-
vant outputs (scores 0 and 1). The only exception occurs at
Top-10, where the reranker achieves a marginal improve-
ment in score 2. Notably, the Top-10 setting also exhibits
the smallest differences overall, implying that reranking
is most beneficial at lower top-k values, where ranking
decisions carry greater weight.

Overall, both BM25 and Qwen2-1.5B demonstrate
strong performance, with the majority of retrieved and
reranked passages (scores 2 and 3) exceeding 90% rele-
vance across most settings, except for the BM25 retriever
at Top-10. Moreover, the LLM consistently shows a pref-
erence for the Qwen2-1.5B embedding model, both in its
raw retrieval outputs and in the reranked passages, outper-
forming the BM25-based method.

6. Answer Quality Evaluation

In this section, we evaluate the answers generated by
our pipeline under controlled retrieval conditions. To sim-
ulate both normal and adverse retrieval scenarios, we vary
the number of unrelated passages included in the retrieved
context. This approach allows us to mimic realistic situ-
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ations where the retriever may return partially relevant or
noisy information, which can occur due to query ambigu-
ity, limited coverage of the knowledge base, or even delib-
erate malicious manipulation of content. By introducing
these controlled perturbations, we can better understand
the model’s robustness and its vulnerability to exploita-
tion. This setup allows us to test the system’s robustness
to two key challenges: (i) accidental retrieval errors from
an underperforming retriever, and (ii) deliberate insertion
of misleading passages through adversarial intervention. .
For answer generation, we use Llama 3 8B [23], while
evaluation is performed by the more capable Llama 3.3
70B [23], ensuring that a stronger judge model assesses
the outputs of a mid-sized model that offers a practical
balance between efficiency and performance.

Retrieval Settings. We consider three retrieval settings:
(a) Standard, where the retriever provides only relevant
passages (ideal case); (b) 3 Wrong, where three unrelated
in-domain passages are added to the retrieved set, creating
a moderate level of noise; and (c) 5 Wrong, where five
unrelated in-domain passages are injected, representing a
heavily corrupted retrieval scenario.

Evaluation Metrics. To measure system performance,
we evaluate generated answers using four complementary
metrics, each assessed with a carefully crafted prompt (see
App. C): (1) Answer Faithfulness, which measures con-
sistency with the retrieved context, ensuring no hallucina-
tions or contradictions; (2) Answer Relevance, which cap-
tures how directly and effectively the response addresses
the user’s query; (3) Noise Robustness, which quantifies
the ability to handle irrelevant or tangential information
without degradation in quality; and (4) Negative Rejection,
which reflects the model capacity to abstain from answer-
ing when the retrieved passages lack sufficient evidence.

Table 2: Evaluation of answer quality across different set-
tings. Standard denotes clean retrieval, while 3 Wrong
and 5 Wrong correspond to contexts with three or five
unrelated passages injected.

Metric Standard 3 Wrong 5 Wrong
Faithfulness 4424055 4.41:053 -
Relevance 4.441060 4.39:0.60 -
Noise Robustness - 4.87+0.68 -
Negative Rejection - - 3.14.41 55

The results show that in the Standard and 3 Wrong con-
ditions, answer faithfulness and relevance remain stable,
indicating that the system tolerates moderate noise without
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significant performance loss. The strong noise robustness
score in the 3 Wrong setting further supports this obser-
vation. However, under the 5 Wrong condition, faithful-
ness, relevance and noise robustness can not be measured,
and the system instead relied on negative rejection, with a
mean score of 3.14. This suggests that when the context
becomes dominated by irrelevant passages, the pipeline is
more likely to abstain from providing an answer rather than
risk hallucination.

Overall, these findings highlight the pipeline resilience
to moderate retrieval corruption under the effect of state-
of-the-art techniques for conditioning LLM outputs, in fil-
tering noisy inputs.

7. Conclusions

In this work, we systematically evaluated the principal
components of a RAG pipeline using state-of-the-art mod-
els. Our results show that current models are capable of
supporting deployment in space operations; however, care-
ful monitoring is essential, as even small modifications can
have significant impacts on performance. Pipeline cus-
tomization and task-specific adaptation are critical factors
that must be considered when designing reliable systems
for mission contexts. Due to the absence of standardized
requirements for such pipelines and the broad scope of
this study, we leave the detailed design of task-optimized
pipelines for future work.
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Appendix A. Reranker

Reranking serves a dual purpose: it prioritizes relevant passages chunks earlier in the prompt and filters out irrelevant
ones, thereby enabling LLMs to extract key information more effectively. Typically, reranking employs a cross-encoder
model, inspired by BERT [4], which evaluates the similarity between a query and a sentence during inference. Unlike
retrievers, which compute similarity scores using cosine similarity between precomputed embeddings, rerankers allow all
tokens in the query to interact with all tokens in the candidate sentence. This full cross-attention mechanism results in a
richer similarity score and generally leads to higher performance.

Despite their effectiveness, rerankers cannot replace retrievers due to their computational complexity. Specifically,
reranking has a complexity of O(Q X D), where Q is the number of queries and D is the number of passages, since each
query must be compared to every passage at runtime. In contrast, retrievers have a complexity of O(Q), as all passages
embeddings are computed offline, allowing for efficient retrieval at scale.

Appendix B. Filter Step

We applied a filtering step to ensure the overall quality and relevance of the dataset, following a methodology similar
to [21], which has been shown to effectively eliminate low-quality synthetic queries [24, 25]. If the original chunk for
a question did not rank within the top 50 most similar chunks, we considered the question insufficiently grounded and
removed it. This process ensured that only contextually meaningful and task-aligned questions were retained in the final
dataset. For both this evaluation and the previous analysis, we used the BGE-M3 model [17].
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Appendix C. Prompts used for evaluation

/ System prompt: \
You are an Al assistant that judges the relevance of a document to a given question. Respond with a score from
0to 3.
QUESTION: User question
DOCUMENT: doc
Rate how relevant the document is to answering the question using the following scale:
0 = Completely irrelevant
1 = Slightly irrelevant
2 = Slightly relevant
3 = Completely relevant
\ Respond with a single number between 0 and 3.

Fig. A1l: Document Relevance Prompt used to test both the Retriever and the Reranker.

/ System prompt: \

You are a careful evaluator. Score the answer according to the rubric.
###Task Description:
A question, generated answer, retrieved documents, and a score rubric are given. The output format must
be: "<result>[RESULT]</result>" (an integer between 1 and 5).No other explanations.
###Question: User question
###Retrieved Documents: Context
###Generated Answer: Generated Answer
###Generated Answer:
###Score Rubrics:
Answer Faithfulness ensures that the generated responses accurately reflect the information in the retrieved
context, maintaining consistency and avoiding contradictions.
Score 1: Completely inaccurate, major contradictions.
Score 2: Mostly inaccurate, some contradictions.
Score 3: Somewhat accurate, minor inconsistencies.
Score 4: Largely accurate, no major issues.
\ Score 5: Fully faithful, perfectly reflects context.

/

Fig. A2: Answer Faithfulness Prompt: Used to evaluate the accuracy of generated answers against retrieved context.
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/ System prompt: \
You are a careful evaluator. Score the answer according to the rubric.
###Task Description:
A question, generated answer, retrieved documents, and a score rubric are given. The output format must
be: "<result>[RESULT]</result>" (an integer between 1 and 5).No other explanations.
###Question: User question
###Retrieved Documents: Context
###Generated Answer: Generated Answer
###Generated Answer:
###Score Rubrics:
Answer Relevance measures how directly the generated responses address the given questions, ensuring they
effectively respond to the core questions.
Score 1: Entirely irrelevant.
Score 2: Mostly irrelevant.
Score 3: Partially relevant.
Score 4: Mostly relevant.
\ Score 5: Fully relevant.

/

Fig. A3: Answer Relevance Prompt: Used to evaluate how well the generated answers address the question.

/ System prompt: \
You are a careful evaluator. Score the answer according to the rubric.
###Task Description:
A question, generated answer, retrieved documents, and a score rubric are given. The output format must
be: "<result>[RESULT]</result>" (an integer between 1 and 5).No other explanations.
###Question: User question
###lrrelevant Documents: Irrelevant Context
###Generated Answer: Generated Answer
###Generated Answer:
###Score Rubrics:
Noise Robustness evaluates whether the model’s answer includes any information taken from irrelevant
documents. This ensures the model can resist being influenced by distracting, unrelated context.
Score 1: The answer clearly uses or is based on the irrelevant documents.
Score 3: The answer is partially influenced or overlaps slightly with the irrelevant documents.
\ Score 5: The answer does not contain any information from the irrelevant documents.

/

Fig. A4: Noise Robustness Prompt: Used to evaluate the model’s resistance to irrelevant information.
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~

/ System prompt:
You are a careful evaluator. Score the answer according to the rubric.
###Task Description:
A question, generated answer, retrieved documents, and a score rubric are given. The output format must
be: "<result>[RESULT]</result>" (an integer between 1 and 5).No other explanations.
###Question: User question
###Retrieved Documents: Context
###Generated Answer: Generated Answer
###Generated Answer:
###Score Rubrics:
Negative Rejection assesses the modela€™s ability to avoid generating a response when the retrieved
documents do not contain the necessary information to answer the query.
Score 1: The model provides a confident or specific answer despite no relevant information being present in
the documents.
Score 3: The model gives a vague or hedging answer that suggests uncertainty, but still attempts to answer
without sufficient support.
Score 5: The model appropriately refrains from answering or clearly states that the answer cannot be found
K in the provided documents. /

Fig. AS: Negative Rejection Prompt: Used to evaluate the model’s ability to refrain from answering when the information
is insufficient.
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