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Abstract

Large language models (LLMs) have shown
remarkable progress in natural language
understanding, yet their effectiveness in
specialized fields like astronomy and
astrodynamics remains limited due to
challenges in multi-step  reasoning,
symbolic manipulation, and domain-
specific terminology. To address this, we
present Taramandal-GPT (Constellation-
GPT), a domain-adapted framework built on
the Qwen3-8b backbone, enhanced with a
Retrieval- Augmented Generation (RAG)
pipeline and a fallback mechanism for
improved contextual precision. We evaluate
it on the Astrodynamics Problems
Benchmark (APBench), a dataset of 299
questions covering foundational to
advanced levels of space science. Using a
dual evaluation method—numeric margin -
based scoring and semantic similarity
assessment—Taramandal- GPT achieves
competitive performance against state-of-
the-art open- and closed-source models,
with notable strength in thinking-intensive
tasks. These results highlight the value of
specialized LLMs for domains demanding
accuracy and interpretability, positioning
Taramandal-GPT as a step toward reliable
Artificial Intelligence (Al) assistants for
astrophysics, spacecraft engineering, and
space exploration.

Keywords: Large language models,
Astrophysics, Astrodynamics, Space
research, Taramandal-GPT, chain -of-thought
reasoning

1. Introduction

The emergence of Large Language Models
(LLMs), beginning with Vaswani et al.'s
“Attention Is All You Need”, has transformed
natural language processing through the
Transformer architecture [1]. These models

generalize well across domains and can
extract and synthesize knowledge effectively.
In astronomy, LLMs perform adequately in
basic factual recall but struggle with complex
tasks such as interpreting terminology,
applying physical laws, and solving
computational problems, revealing limitations
in  mathematical reasoning and domain-
specific expertise [2].

Nonetheless, interest in applying LLMs to
scientific and engineering contexts is
growing. For example, the German Space
Operations Center (GSOC) has explored their
use in spacecraft engineering for real-time
troubleshooting, documentation
management, and decision support [3]. In
parallel, domain-focused models such as
AstroLLaMA [4] and astroBERT [5] show
improved factual accuracy, contextual
reasoning, and literature  processing,
demonstrating the value of targeted fine-
tuning.

Yet, a key gap remains: no specialized
thinking-focused LLM has been developed for
astrodynamics and astrophysics, where both
conceptual understanding and mathematical
rigor are essential. To address this, we
propose Taramandal-GPT (Constellation-
GPT), a domain-adapted framework that
integrates retrieval-based contextual
grounding with structured thinking
mechanisms. By emphasizing factual
accuracy and symbolic computation, our
approach seeks to move beyond general-
purpose assistance toward reliable tools for
advancing space science and engineering.

2. Related Works

Recent advances in domain-specific Al for
astronomy have produced several notable
models, including astroBERT [7], a
110M-parameter BERT-based model trained
on astronomical literature for semantic search
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and entity recognition; the AstroLLaMA family,
with  AstroLLaMA27B achieving a 30%
perplexity reduction over LLaMA2 after
fine-tuning on 300k astronomy abstracts [8],
and AstroLLaMA38B extending training with
OCR-processed and summarized paper
sections [9]; the AstroMLab project's
AstroSage-LLaMA 3.1-8B, reaching 80.9%
accuracy on AstroMLab-1 and matching
GPT-40 on fewer parameters [6], and the
larger AstroSage-LLaMA3.1-70B, tying with
Claude-40pus at 86.2% [7]; the StarWhisper
LightCurve series for stellar classification,
with a Swin Transformer variant attaining 99%
accuracy [8]; These developments
collectively underscore the rapid maturation
of Al-driven tools as indispensable assets for
modern astronomical research.

3. Methodology

This section outlines the methodology
adopted for developing Taramandal -GPT,
including  dataset preparation, model
selection, prompt engineering, and the design
of the retrieval- augmented generation
pipeline with a fallback mechanism.

3.1 Dataset Description

For model tuning, we drew on open-source
materials and books such as Fundamentals of
Physics [9], Introduction to Space Physics
[10], High-Energy Astrophysics [10], and
related references. Then, the text was
extracted and was converted in a markdown
strctutred format using the PymuPDF library.
The text was embedded using the Qwen3-
Embedding-0.6B model [12] due to its
exceptional multilingual capabilities, strong
long-text understanding, efficient 0.6B
parameter size, and state-of-the-art
performance across diverse text embedding
and retrieval tasks.

For testing the full potential of LLMs in
astrodynamics, we have utilized the first
Astrodynamics Problems Benchmark
(APBench) [13] to evaluate the capabilities of
LLMs in this field. The benchmark consists of
299 QA questions drawn from authoritative
aerospace engineering sources, spanning

difficulty from foundational concepts to
PhD-level problem-solving.

Table 1: Level-wise Distribution of APBench

Questions
Benchmark Question Count
Subset
APBench-a gordon (17) + UBC (8)
APBench- o (25)+ Braeunig (144)
APBench-y B (169) + lynnane (130)
Total 299

The dataset is structured into three sequential
levels—alpha (a), beta (B), and gamma (y)—
with their respective proportions presented in
Table 1.

3.2 Proposed Framework

The proposed framework, Taramandal-GPT
(depicted inFigure 2), incorporates a base
pre-trained model, a system prompt, and an
associated pipeline, each of which s
described in the following subsections.

3.1.1. Base Model

This study employs Qwen3:8b [14], an
open-source large language model renowned
for its reasoning capabilities in complex
calculations and knowledge- intensive tasks,
and competes with other models. The model
was deployed with Q_4-bit quantization to
enable lightweight execution and efficient
accessibility.

3.1.2. System Prompt

The system prompt integrates
chain-of-thought reasoning, agent identity
utilization, and regulatory mechanisms. These
features work together to fine-tune the model
for domain-specific responses, thereby
enhancing accuracy. An overview of the
system prompt is presented in Figure1.
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Figure 1: Structure of System Prompt
3.1.3. Framework Pipeline

The proposed framework, Taramandal-GPT,
employs a Retrieval-Augmented Generation
(RAG)- based architecture enhanced with a
fallback mechanism. In the primary workflow,
the system retrieves relevant contextual
information from an external knowledge
source and integrates it with the model's
generative capabilities to produce precise,
context-aware responses. However, when the
retrieved context is insufficient or incomplete
for generating a reliable output, the fallback
mechanism is activated. In this mode, the
model leverages its pre-trained knowledge
base and engages in reasoning processes to
formulate an accurate and coherent response,
even in the absence of adequate external
data.

The overall architectural design,
encompassing both the RAG pipeline and the
fallback pathway, is illustrated in Figure 2,
providing a clear visual representation of the
system’s operational flow and decision logic.
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4. Results and Discussion

4.1. Model Evaluation Metric

For APBench, model performance is assessed
using a dual-format scoring schema based on
the nature of the expected output: numeric or
message-based.

4.1.1. Numeric Answer Scoring

Numeric responses were evaluated against
ground truth using a dynamic error margin,
which is defined in Equation 1.

Error_Margin = minl©}(0.1+0.01-logl}(|Answer]),
0.1)

A model's output is considered correct if it
falls within this margin. For instance, if the true
answer is -5.2, the acceptable range would
be approximately [-5.655, -4.479].

4.1.2. Message Answer Scoring

Message-based responses are evaluated
using a hybrid similarity approach that
combines both semantic judgment and
embedding-based comparison. First, GPT-40
serves as an LLM-as-a-Judge, assigning a
similarity score between 0 and 10 based on
the alignment between the model-generated
response and the reference answer; this
score is then normalized to a [0, 1] scale. In
parallel, cosine similarity is computed using
sentence embeddings derived from the all-
MiniLM-L6-v2 model. The final score is
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Figure 2: Taramandal-GPT architecture with RAG pipeline & fallback mechanism



Model Accuracy on APBench Subsets

w
o
L

Accuracy (%)

N
o
L

10 1

EEE APBench-a
mw APBench-p
mmm APBench-y

Figure 3: Performance comparison of Taramandal-GPT with closed- and open-
source models on APBench-a, B, and .

obtained by averaging these two components,
as per Equation 2.

Score = 1/2 x (LLM-Judge + Embedding
Similarity)

Responses achieving a score of 0.6 or higher
are considered accurate within the
benchmark evaluation framework.

4.2 Evaluation Protocol

Zero-shot prompting is employed throughout
the evaluation process, wherein models are
presented with questions and context without
any prior examples or demonstrations.

4.3 Performance of Taramandal- GPT

The performance of the proposed framework,
Taramandal-GPT, is summarized in Table 2

Table 2: Performance of Taramandal- GPT
on different levels of APBench

APBench a B Y

Accuracy (%) 56 44.37 | 50.8

It scores 56% on APBench-a, 44.37% on B,
and 50.84% on y, showing competitive
performance despite its smaller size when
compared to much larger models like
Qwen2.5-Math 72B.

4.4 Comparative Performance of
Taramandal-GPT vs Peer Models on
APBench

We compare performance of Taramandal-
GPT with other closed and open-source
models on APBench-aq, APBench-3,
APBench-y. Figure 3 visualizes the model-
wise performance trends extracted from the
detailed evaluation results reported in Table 3.

The models are grouped as closed source
models and open source models. Despite of
the individual model's performance variation
on the three Open APBench datasets, the
difference between closed source models’
performance and open source models'
performance is clear.



Table 3: LLMs Performance on APBench

Model APBenc | APBenc | APBenc
h-a (%) | h-B (%) | h-y (%)

Qwen2.5- 20 21.3 22.1
Math 1.5B
Qwen2.5- 36 325 33.1
Math 7B
Taramanda | 56 44.37 50.84
I-GPT
Qwen2.5- 60 47.9 52.2
Math 72B
AstroLlaMa | 8 1 1
Llama27B | 20 10.1 12.4
Llama 3.1 20 17.2 18.4
8B
Llama 3.1 28 29.6 32.1
70B
Llama 3.2 8 11.8 8.4
1B
Llama 3.2 8 14.2 15.4
3B
ReflectionLI | 40 33.1 32.4
ama
ReflectionLl | 28.6 30.2 29.8
amat
Ollama 28 23.7 221
Reflection

5. Conclusion & Future Scope

In this work, we introduced Taramandal-GPT,
a reasoning- specialized large language
model framework for advancing problem-
solving in astronomy and astrodynamics. By
combining a Retrieval-Augmented Generation
(RAG) pipeline with a fallback mechanism, it
improves contextual awareness and
generates more reliable responses than
general-purpose and astronomy- focused
models. Evaluation on APBench, a benchmark
for astrodynamics problems, shows its ability
to handle tasks from foundational principles to
advanced research scenarios. These results
highlight the potential of specialized LLMs in
scientific domains where precision,
mathematical rigor, and interpretability are

essential, though challenges such as
hallucinations and slow deliberation remain.

Looking ahead, future work includes
expanding the training corpus with peer-
reviewed literature, spacecraft telemetry, and
mission design data to improve factual
grounding; integrating neuro-symbolic and
physics-informed methods for greater
mathematical reliability; and developing
agent-based extensions to support interactive
collaboration with scientists and engineers.
Broader benchmarking across domains such
as planetary science, satellite communication,
and exoplanetary modeling will further test the
framework’s robustness and applicability.
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GeR-3MURG IRl &1 g T
hybrid similarity approach gRT foar
SIGI semantic judgment 3R
embedding-based comparison Sl BI
R Bl ¢ | 96 U5, GPT-40 Th
LLM-as-a-Judge ¥ ¥U § B ol §
IR Aisd-MfHd IR quT He' S &

IRIHE | ard SiaRe It iR

A & YR W 0 F 10 & &g Th
THAFA R (similarity score) Fuffed
Rl B1 T8 WhR a1G H FTihd foban
ST &1 FHIeR ¥ 9, all-MiniLM-L6-v2
Oigd ¥ U di TS (sentence
embeddings) &I ST & cosine
similarity @1 0T &1 STt 8 1 3ifdH TR
S Ul & 3N & U W UT foa
ST &, o fop Tefienvor 2 & fear man g
Qi foma ST ]
Score = 1/2 X (LLM — Judge +

Embedding Similarity) (2)
SIS 0.6 AT ITY 3D WhR YTt i
%, 3 benchmark evaluation HHIS &
3iaqifd e AT ST B

4.2 YeUip Wetdrd

W g&ih- Yl 4 zero- -shot
promptlng H1 IganT foar e €, et
Hiee @ fomr ot gd SarRur a1
%ﬁwzf:né & W gy 3R de Tga e

|

Mode! Accuracy on APBench Subsets

W /fBench
ApBench|
I {PBenchy

ﬁﬁ} 3: APBench TR dRTHSA-GPT &1
Wmmﬁ@a#fsﬁ’raﬁm

Gl

https.//www.nature.com/articles/s41598-
025-97150-5
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4.3 dRTHSH-GPT &1 Ye=iH uaifad
IRMHSA-GPT &1 UeRH difasr 3 |
IRIRG far T g1 39 B &WR
3R 4-bit Quantized E-Eﬁ %
yeu ufowyfers g, fovw =u ?r a%
EEFﬁ SR Qwen2.5-Math 72B T &
|
a1ferdT 3: APBench & fafia IR R
TRTHSH -GPT &1 Ue=iH

3mdyg | 3d Siafve Ft 3R

APBench a B Y

Accuracy (%) 56 | 44.37 | 50.84

ARHST-GPT & UGRH &I el 3/
open-source Aredl I APBench-q,
APBench-B, APBench-y Waﬂ?f%l =3
¥ Ifcafea favga geaie ool 9
U HiSd-aR UekH Ughml &1 e
WWW%I oI APBench datasets
R AfGId Hied & UekH H $©
fafgyard g9 & dldyjq, open-source
gﬂq{déels%ﬂ?&’h%@ﬁwwm
|

5. frepd wd Hid) srdaa

39 & ¥ A dRESd-GPT UK
foar, o @ma foge iR &g
TR § IHT-GHIY B 39d B
3] & &a-falRw LM BHad 3l
Retrieval-Augmented Generation (RAG)
UTgUargd & fallback mechanism & I1Y
T R T8 HeH Iedmd 8§ gUR
BT § SR AR YA adT T
foxF-dbfad Alsal &I ol § 3fY®
Iy SR ITT BT 8| APBench ™
T, S @I TR T3] o
oI U 7 8, 7 39 Hifere Rigial @
AP I AU aReEdl d% & Bl
& U B &HaT <2is g1 T gRomH
A & H fARIwT LLMs Y TuTarait
B IR P ©, S8l Teidd, MO
HERAT, 3R TRSTHB T I MITD
%, BWT% hallucinations 3fR i faaR

gfehar SRf gAIfaal SRERR g5 o | 1 T

HH W g1 3R 4 foe BicgerH d

HicgesF & d1G W, Hisd BT RBIAY

§S 72B LLM & HHIEd &I § 3R S0

IR 3faRe & o &9 Sl @ud aul

HH TSI B oToxd gl 3|

3 ¢@d gU, yias &1 &Rl ke

HIUY P IR BT &, Forad THwe-

T Tfed, IWE Taidt, ik e

fgsirgT ser = g difes dearets

STYR GYRT S Fob; Oy [Ay=aar

& fIU neuro- symbolic 3R physics-

informed fafdl &1 FHTG,

ael wd sfpddrell & W

3ia:fohaTeTd Tgd &1 gudH ¢ & fog

Toic- 3T faRdR fdepRid 1 Qe

gl 78 fagr, Swe WeR, iR wfede

A o8 e &l d wUe

AHSIER0 39 Hadh &) Aoigl 3R

TR BT 3R T&0 BT |
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