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The problem-solving abilities of Large Language Models (LLMs) have become a major focus of 
research across various STEM fields, including mathematics and physics. Substantial progress has 
been made in both measuring and enhancing these abilities. Among the multitude of ways to advance 
space engineering research, one promising direction is the application of LLMs and foundational 
models in aiding in solving Ph.D. level research problems. To understand the full potential of LLMs 
in astrodynamics, we have developed the first Astrodynamics Problems Benchmark (APBench) to 
evaluate the capabilities of LLMs in this field. We crafted for the first time a collection of questions and 
answers that range a wide variety of subfields in astrodynamics, astronautics, and space engineering. 
On top of this first dataset built for space engineering, we evaluate the performance of foundational 
models, both open source models and closed ones, to validate their current capabilities in space 
engineering, and paving the road for further advancements towards a definition of intelligence for 
space.

Large language models (LLMs) have demonstrated the ability to perform complex tasks, such as recognizing 
intricate patterns, driving cars, operating humanoid robots, and even piloting spacecraft1–6. Powered by vast 
amounts of data - often terabytes collected from the internet - LLMs possess extensive general knowledge about 
the world. One notable advancement of LLMs over traditional artificial intelligence (AI) methods is their ability 
to perform zero-shot and few-shot learning, where they can complete tasks with little to no examples provided. 
With well designed prompting and fine-tuning, there have been a promising evaluation of the ability of the 
models to synthesize code from complex text7. Because of this, there has been an increasing interest in applying 
LLMs for space engineering problems. Rodriguez et al.8 explored using LLM as an agent, with carefully crafted 
zero-shot prompting, directly controlling a spacecraft in a simulated environment for computationally intensive 
control policy determination; Zucchelli et al.9 explored multiple space-oriented tasks for fine-tuned LLM 
and their findings indicate that LLMs are more sample efficient compared to traditional AI methods. Unlike 
traditional supervised or reinforcement learning, which often fails to handle rare events due to lack of exposure, 
LLMs are capable of handling such scenarios effectively. The interest in crafting foundational model application 
in space engineering has also been joined by Foutter et al.10. With fine-tuning techniques, a (state-of-the-art) 
SoTA vision-language foundational model has been adapted to plan a rover’s navigation on Mars’ surface.

Recent studies have demonstrated that LLMs can also exhibit a basic understanding of the physical world. 
LLMs like GPT-4 are celebrated not just for their sophisticated logic but also for their expansive knowledge 
base11. Using Chain-of-Thought (CoT) prompting—a method that guides the model step-by-step through 
reasoning processes—LLMs can perform a range of arithmetic and algebraic reasoning tasks by breaking them 
down into smaller, logical steps. With effective prompt engineering, LLMs have shown remarkable versatility. 
However, LLMs are still far away from an absolute satisfactory skill for solving mathematical problems due to the 
complex reasoning procedures that would be required12.

Fedorenko et al.13 have been questioning the primary use of LLMs as communication or thinking tools. 
On the quest of the big problem asked “Does LLM have intelligence”, we are testing its thinking capabilities. 
Astrodynamics problems can involve high complexity, making this field a perfect area, but void domain, to 
be explored in terms of determining LLM’s basic logical reasoning and problem solving skills. Astrodynamics 
problems cover domain-specific knowledge, causal explanation, advanced theories and operations, and spatio-
temporal intelligence. LLMs have been implemented in physics and mathematics, with success coming from 
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the logical reasoning and basic arithmetic operations. Arguments have been raised on the essence of LLMs, 
but recent work from Zhu et al.14 indicates that LLMs could “go beyond” the learning tasks and knowledge 
operation, suggesting a potential for a foundational model for space engineering. However, the question of 
defining intelligence for space foundational models has rarely been raised. Benchmarking has been the way to 
quantify the performance of LLMs in different fields such as mathematics15,16, including problems that cannot 
be solved with a straightforward application of standard K-12 mathematics tools17, astronomy18, and finance19.

In order to test the capabilities in an astrodynamics setting, we develop a specialized dataset and a detailed 
evaluation process for quantifying LLMs performance within this domain to establish a baseline and support 
future development, with the goal of bringing the astrodynamics community and AI community together in 
defining space foundational models. Figure 1 shows a basic framework of our astrodynamics dataset evaluation 
process.

Our APBench (Astrodynamics Problems Benchmark) dataset covers a wide variety of problems in 
astrodynamics, including 2-body and 3-body problems, concepts on general space terminologies, state variables 
conversions, orbit determination, maneuver optimization, rendezvous and docking, interplanetary mission 
planning, computation and analysis of perturbations, etc. We challenge a wide variety of LLMs (see Table 3), 
pinpointing individual strengths and weaknesses. To better suit to astrodynamics problems, we adapt an existing 
structure for the database that is efficient and informative for use with the general structure of Content and 
Questions as shown in Fig. 2. We source the benchmark questions to proven example problems rather than 
creating new questions20 as those were already thought through with solutions and we can push to the number 
of questions so that the evaluation covers a wide range of questions. With our automatic evaluating pipeline 
handling open questions in both numeric and message styles, we primarily focus on the final answers given by 
LLMs as this is the most straightforward way of evaluating the performance on the open questions curated in the 
dataset. Our result is the first trial in space engineering to generate a universal baseline for both the definition 
and pursuit of a space foundational model.

The goal of generating the APBench is to identify LLMs that best employ logic and knowledge to solve 
astrodynamics problems in a clear and concise step-by-step process. Our work explores the performance of 
existing LLMs in the field of space engineering, with the goal of examining one aspect necessary for building 
practical space foundational model. The aspect is to provide consistently correct performance to fundamental 
space engineering questions. We predict a possible timeline of 2025 for this aspect to be satisfied by LLM’s 
empirical performance improvement. Beyond the scope of astrodynamics, our data curation process and 
evaluation workflow aim at promoting the ongoing trend of customized benchmarking, providing a useful 
framework for evaluating artificial general intelligence (AGI) performance for other fields.

Results
The APBench dataset
To initiate this study, we focus on representative tasks of astrodynamics, leading to the creation of the first 
Astrodynamics Problems Benchmark (APBench). Similar to other STEM fields, textbook examples are a core 
component of engineering training used to qualify specialists in space engineering. Accordingly, we collected 
examples from available open resources to construct this dataset of college-level problem sets in astrodynamics. 

Fig. 1.  APBench evaluation flow. A single evaluation starts with attaching Content information, Progressive 
Content (generated from previous evaluation), and Question into the general prompt to a Large Language 
Model. In this illustrated case, we use Claude 3.5 Sonnet. The true Answer is use in the Scoring Schema to 
determine a customized margin for a Numeric answer. As the Model Answer − 5.2 is between − 4.479 and 
− 5.655, upper and lower margin according to the Error Margin and Answer, the Model Answer is correct. 
Then, according to the definition of Progressive Content, this Question and Answer are included in the 
Progressive Content.
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The data curation flow is shown in Fig. 3. Specifically, the selected problem sets should fulfill the following data 
selection criteria:

•	 Domain-specific. The chosen problem sets require domain-specific knowledge, clear statement of the prob-
lem, and intermediate numerical computation ability.

•	 Solution process availability. To support the analysis of LLMs’ ability to solve the problem sets, detailed solu-
tion processes would be required in the data to serve as a guideline for comparison purpose and guidelines.

•	 Various levels of difficulty. The problem sets cover various fundamental astrodynamics topics at different dif-
ficulty levels. This would further support analyzing the LLMs’ current ability and potential improvements.

As shown in Fig.  2, the benchmark is provided in the following structure: a single problem set structure is 
composed of Content and one or multiple sets in Questions. Every set in Questions follows the same Question, 
Solution, Answer, Format, and Source structure.

APBench’s open question formulation and space engineering focus make it a challenging benchmark. 
In space engineering practice, problems are not confined to a predefined subset; thus, it is crucial to avoid 
predetermined setups or multiple-choice formats. Constructing multiple-choice options inherently involves 
solving the problem beforehand. Either including the multiple choices in a prompt, which leaks the information 
necessary for large language model to find, or excluding them, which equivalents to direct evaluation on the 

Fig. 3.  The performance on APBench-γ from all the models in Table 3 is presented in comparison with 
thresholds of grade-A (90% accuracy), grade-B (80% accuracy) and grade-C (60% accuracy). The models are 
grouped according to their companies/collections. The left two groups are all closed source models; the rest 
are open source models. Closed source models perform well above open source models. However, with only 
one model (o1-preview) passing grade-C level, all of their performance are still far from reaching grade-B or 
grade-A.

 

Fig. 2.  Data structure of one example in the APBench. A single problem set structure composes of Content 
and one or multiple sets in Questions. Every set in Questions follows the same Question, Solution, Answer, 
Format, and Source structure.
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answer, provides little improvement to the setup. The complexity is not only revealed in the example case shown 
in Fig. 2 but also in the totally different procedures and steps taken by different language models in their attempts 
to answer the proposed question as illustrated by Figs. 4 and 5.

Answer format classification
Labeling questions is crucial for conducting a reasonable evaluation. We categorize the questions into two types: 
numeric and message. A numeric label indicates that the expected answer should focus on providing a realistic 
number, whereas a message label allows for a more relaxed structure of the answer. The Format is primarily 
determined by the nature of the answer. During the curation of the problem set, this labeling is also used in 
refining the Question section by specifying details such as units and whether the answer should be exclusively 
numeric. This additional information is incorporated into the curated question to enhance clarity and precision.

Open bench and private bench
We summarize the source information in Table 1 for the open APBench and Table 2 for the private APBench. 
We list the sources with acronyms for easy tracking in the tables; for open APBench, we also provide the 
corresponding websites. The open APBench sources its content from online available information. Open 
APBench is the primary benchmark for people of interest to directly test their models’ abilities in solving space 
engineering problems. We provide this public benchmark also for validation and reproduction purposes. In the 
meantime, we also generate a private APBench. We choose to make this dataset private due to the copyright 
concern, which makes it unsuitable for public release. Instead, we provide only the number of problems we 

Fig. 5.  Benchmark curation process workflow and the list of prompts should follow the section Benchmark 
Dataset Curation Process.

 

Fig. 4.  We present the models performance evolution on APBench-α, APBench-β, APBench-γ, together 
with the models released date as listed 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. This 
temporal evolution also indicates a narrowing performance gap between the closed source model and the open 
source model. We further extrapolate the evolution bounds of the two groups by fitting on a subset of models’ 
performance on APBench-γ in each group and find that year 2025 and 2026 are going to witness a grade-A 
LLM performance on APBench.
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created from the database. The curation process described in Fig. 3 is well-suited for the reader interested in 
working with the listed sources or further expand to other sources.

Ethical statement
We conducted a manual examination of our dataset to ensure that it does not contain any sensitive background 
information or raise ethical concerns. The benchmark dataset is intended solely for academic use. Its collection 
complies with the Fair Use Law in the United States of America.

Minimization of data leakage risks

Canary string is employed in the field to reduce the risk of leakage into foundation model training corpora20,33. 
It intends to help researchers filter our APBench dataset out of web-scraped training corpora, so that models 
do not train on the benchmark set.

Model performance analysis
The LLMs’ performances on APBench are shown in Table 3. Their evaluation of the APBench-γ, the largest open 
APBench, is shown in Fig. 6. The correctness on individual questions can be found in Supplementary Table S1. 
The majority of model performance is below the 60% threshold, which represents a passing C-grade for space 
engineering. OpenAI’s o1-preview leads the performance, though its advantage is not significant. The model 
with superior math performance also performs well under the benchmark. Interestingly, the first fine-tuned 
model on arXiv’s astronomy abstracts, AstroLlaMA, performs poorly despite claims of possessing knowledge 

[HTML]C0C0C0 Acronym [HTML]C0C0C0Source # Problems

Ashish Atmospheric And Space Flight Dynamics25 78

BMW Fundamentals of Astrodynamics26 167

Vallado Fundamentals of Astrodynamics and Applications27 106

Mauri The Three-Body Problem28 30

Curtis Orbital Mechanics for Engineering Students29 586

Chegg Orbital Mechanics for Engineering Students 3rd Edition Solutions30 522

Kluever Space Flight Dynamics31 332

Schaub Analytical Mechanics of Space Systems32 169

Total: 1990

Table 2.  Summary of the source for private APBench and the number of problems from each source. The 
source are published documents so we list the official names.

 

[HTML]C0C0C0 Acronym [HTML]C0C0C0Source # Problems

Gordon Introduction to Aerospace Flight Vehiclesa21 17

Qualify PhD Qualifying Examinationb22 8

Braeunig Rocket & Space Technology: Orbital Mechanicsc23 144

Lynnane Introduction to Orbital Mechanicsd24 130

Total: 299

Table 1.  Summary of the source for open APBench and the number of problems from each source. a​h​t​t​p​s​:​​/​/​e​
a​g​l​​e​p​u​b​s​.​​e​r​a​u​.​e​​d​u​/​i​n​​t​r​o​d​u​c​​t​i​o​n​t​o​​a​e​r​o​s​p​​a​c​e​f​l​i​g​h​t​v​e​h​i​c​l​e​s. b​h​t​t​p​s​:​​/​/​p​h​a​s​​.​u​b​c​.​c​​a​/​s​i​t​e​​s​/​d​e​f​​a​u​l​t​/​f​​i​l​e​s​/​u​​s​e​r​s​/​o​​s​e​r​/​a​s​t​
r​o​q​2​0​1​6​a​.​p​d​f. chttp://www.braeunig.us/space/index.htm. d​h​t​t​p​s​:​​​/​​/​c​o​l​o​r​a​d​​o​.​p​r​e​s​s​b​​o​o​k​​s​.​​p​​u​b​/​i​n​​t​r​o​o​r​b​​i​t​a​l​m​​e​c​h​a​
n​i​c​s​/.
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and developing “scholarly” work in space and astronomy domains. Llama models, even the largest and most 
promising one, ReflectionLlama, fall behind the top performers in the benchmark.

Sonnet was expected to perform similarly to or even surpass GPT-4o, and it delivers performance in line 
with those expectations. OpenAI models follow a clear trend of improvement, progressing from GPT-4 to o1-
preview, with o1-preview leading the APBench, albeit by a narrow margin. If we consider these models as four 
iterations of OpenAI’s advancements, we might expect that two more iterations would be needed for OpenAI 
models to achieve a B-grade (80% accuracy), three to four iterations to reach an A-grade (90% accuracy), and five 
iterations to achieve the level of AI intelligence necessary for solving fundamental space engineering problems. It 
is important to note that we have employed relatively loose criteria for accuracy determination, and as AI models 
improve, a more stringent criterion will likely be required.

Llama’s performances are also as expected. While Llama models generally lag behind in the APBench, a clear 
and intuitive growth trend is evident. Model size remains a significant factor in performance. The Llama 3.1 
70B 4-bit quantized version delivers the best results, followed by Llama 3.1 8B. Interestingly, the newer, smaller 
models show notable improvement compared to older versions, as seen with the Llama 3.2 3B, which performs 
similarly to the 8B version. At the lower end of the performance spectrum, Llama 2 7B and Llama 3.2 1B show 
comparable results. The Llama 7B model, the earliest version, offers performance almost on par with the newer 
1B model. This suggests that as the Llama models evolve, they increasingly concentrate their knowledge and 
capabilities.

The two Llama relatives—ReflectionLlama and AstroLlaMA – provide very interesting results. AstroLlaMA 
is fine-tuned on an extensive corpus of astronomy research abstracts, and it was expected to incorporate 
specialized knowledge from this scientific domain. However, its performance suffers when answering questions 
in APBench related to space engineering. In contrast, ReflectionLlama 3.1 performs reasonably well on 
APBench, maintaining a level of performance that was close to the top-performing Llama models. Notice that 
there is a difference in the target of conducting fine-tuning for AstroLlaMA and ReflectionLlama. AstroLlaMA’s 
specialized knowledge traces back to textual content in the abstracts of research papers, while in APBench there 
is an emphasis on conducting calculations to solve engineering problems. Thus, AstroLlaMA’s struggle with 
APBench hints at losing general reasoning and calculation skills while focusing on specialized knowledge. In the 
meantime, ReflectionLlama is fine-tuned to obtain a technique to conduct self-reflection in generating answers. 

Model Model Dates & Version
APBench-
α (%)

APBench-
β (%)

APBench-
γ  (%) Comment

Sonnet 2024-06-14 64.0 55.6 57.5 Anthropic
Claude 3.5

GPT-4 2024-04-09 52.0 48.5 49.2 OpenAI
gpt-4-turbo-2024-04-09

GPT-4∗ 2024-04-09 52.0 50.3 49.8
OpenAI
gpt-4-turbo-2024-04-09
neutral progressive prompt

GPT4o 2024-08-06 48.0 48.5 54.8 OpenAI
gpt-4o-2024-08-06

o1-mini 2024-09-12 60.0 58.9 59.4 OpenAI
o1-mini-2024-09-12

o1-preview 2024-09-12 64.0 63.3 66.6 OpenAI
o1-preview-2024-09-12

Qwen2.5-Math
1.5B 2024-09-19 20.0 21.3 22.1 Qwen2.5-Math-1.5B-Instruct

Qwen2.5-Math
7B 2024-08-08 36.0 32.5 33.1 Qwen2.5-Math-7B-Instruct

Qwen2.5-Math
72B 2024-09-19 60.0 47.9 52.2 Qwen2.5-Math-72B-Instruct,

4bit

AstroLlaMa 2023-09-12 8.0 1.0 1.0 UniverseTBD, astrollama

Llama 2 7B 2023-07-18 20.0 10.1 12.4 Llama-2-7b-chat-hf

Llama 3.1 8B 2024-07-23 20.0 17.2 18.4 Llama-3.1-8B-Instruct

Llama 3.1 70B 2024-07-23 28.0 29.6 32.1 Llama-3.1-70B-Instruct,
4bit

Llama 3.2 1B 2024-09-25 8.0 11.8 8.4 Llama-3.2-1B-Instruct

Llama 3.2 3B 2024-09-25 8.0 14.2 15.4 Llama-3.2-3B-Instruct

ReflectionLlama 2024-07-23 40.0 33.1 32.4 Reflection-Llama-3.1-70B

ReflectionLlama† 2024-07-23 28.6 30.2 29.8 Reflection-Llama-3.1-70B,
4bit

Ollama Reflection 2024-07-23 28.0 23.7 22.1 Ollama, 5084e77c1e10,
4bit

Table 3.  Foundational / large language model performance on Open APBench. Three version of APBench, 
APBench-α, APBench-β, APBench-γ various in size, are provided. We evaluated both closed source models 
and open source models to have a full picture of SoTA LLM performance. ∗ GPT-4 model without progressive 
prompt. † Reflection-Llama-3.1-70B model loaded with 4-bit quantization.
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This technique, similar to the effect of Chain-of-Thought34, helps or at least does not hurt in solving engineering 
problems requiring calculations. Consequently, this leads to an interesting open question as to whether and 
how specialized knowledge could and should be incorporated with some abilities and techniques in providing 
solutions to advance the performance on solving problems requiring both – leading to a tailored foundational 
model that emphasizes both calculation-based and knowledge-based improvement.

The performance differences within the various versions of ReflectionLlama also follow an intuitive pattern. 
The full-floating-point version of ReflectionLlama 3.1 70B slightly outperforms its 4-bit quantized counterpart, 
which suggests that quantization does not drastically affect its ability to solve space engineering problems. This 
result reinforces the confidence that the performance of other quantized models is still representative of the full 
model. Besides, the framework also plays a role in performance differences. Ollama Reflection, a 4-bit quantized 
version of ReflectionLlama, performs less favorably than the 4-bit quantized version of ReflectionLlama from 
Hugging Face’s transformer framework. This indicates that the framework used for fine-tuning and inference 
may influence the overall performance of Llama relatives.

The best performing open-source model in the APBench benchmark is Qwen2.5-Math 72B. Note that 
this model went through the 4-bit quantization. As expected, performance within the Qwen2.5-Math family 
improves with increasing model size. Besides, the smallest model, Qwen2.5-Math 1.5B, outperforms larger 
models like Llama 2 7B, Llama 3.1 8B, and Llama 3.2 1B and 3B. The medium-sized Qwen2.5-Math 7B model 
matches the performance of the best model from the Llama family, ReflectionLlama, despite Qwen2.5-Math 7B 
being only a 7B model compared to the larger 70B ReflectionLlama. The best-performing Qwen2.5-Math 72B 
model reaches a performance level similar to that of advanced closed-source models like Sonnet, GPT-4, and 
GPT-4o. This places Qwen2.5-Math 72B in a comparable tier to these high-performing closed-source models, 
demonstrating its potential in the space engineering domain.

Model performance evolution
The temporal evolution of the APBench results in Fig. 7 offers valuable insights into the development of the 
large language models. We observe a notable difference in the growth patterns of closed-source and open-source 
models. Closed-source models show a more linear progression in performance, reflecting steady improvements 

Fig. 6.  o1-preview, Sonnect, Qwen2.5-Math-7B-Instruct performance on the example question.
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with each new iteration. In contrast, open-source models exhibit an exponential growth trend, indicating a 
faster pace of development and improvement. This disparity highlights the rapid advancements occurring 
within the open-source community, potentially driven by more open collaboration, frequent updates, and larger 
contributions from a diverse range of researchers and developers.

The open APBench is divided into three distinct versions: APBench-α, APBench-β, and APBench-γ, each 
defined by the different problem sets they include. APBench-α consists of the smallest benchmark, including 
problem sets from Gordon and Qualify. APBench-β builds upon APBench-α by adding problem sets from 
Braeunig, thus expanding the benchmark to a medium size. Finally, APBench-γ incorporates Lynnane 
into the problem sets, making it the full version of the APBench.

The performance on these three separate benchmarks is presented in Fig. 7, with markers □, △, and ⃝ and 
their release dates or specific model dates. The closed-source models are marked in blue, and the open-source 
models in red. The models’ abilities in space engineering are more effectively illustrated through the performance 
distribution, represented by their varying zero-shot accuracy on the different datasets. We also specify the 
accuracy in percentage for each model’s performance on APBench-γ, rounded to the first decimal point. The 
performance across the three benchmarks for a specific model is close to each other. This consistency results 
from both the stable construction of the benchmark and the models’ ability to solve engineering problems. They 
are not particularly sensitive to any of the source data. Similar to Fig. 6, we highlight the C-grade level 60% line. 
The closed-source model Sonnet passes the C-grade line on APBench-α, while o1-preview performs above this 
line on all benchmarks. O1-mini’s performance hovers around the C-grade line. These results further validate 
the generally superior performance of closed-source models, as the only open-source model to achieve a similar 
performance is the Qwen2.5-Math 72B model on APBench-α.

By separating the models into two distinct groups, we can extrapolate the evolution trends of each group, 
approximated by the selected Pareto Front evolution. We use APBench-γ, the full dataset, to approximate the 
performance evolution. For closed-source models, we select GPT-4, Sonnet, and o1-preview for the Pareto Front 
approximation, and a linear approximation effectively captures the growing trend. For open-source models, 
we choose Llama 2 7B, Reflection Llama 3.1 70B, and Qwen2.5-Math 72B as the Pareto Front, finding that 
an exponential approximation curve best fits the performance trend. From this separation, we observe a well-
defined gap between closed-source and open-source models on APBench. However, we also notice that this 
gap is narrowing over time. The gap, which was approximately 30% in April 2024, has reduced to around 10% 
by October 2024. Open-source models, in general, are undergoing significant improvement and are on track to 
catch up with closed-source models in terms of APBench performance.

Model performance prediction
We anticipate a breakthrough in model performance in the upcoming years, based on the development trends 
revealed by the evolution analysis. Extrapolating from the performance trends, we expect that closed-source 
models will achieve 80% (B-grade) performance by January 10, 2025, and 90% (A-grade) performance by April 
10, 2025, under the current scoring schema setup as shown in Fig. 1. For open-source models, although we have 
selected a number of models for prediction, we observe that the performance improvement within a model 
family, such as the Llama family, does not always follow an clear trend. The introduction of Qwen2.5-Math has 
significantly strengthened the overall open-source model field. The Pareto Front approximation suggests that 

Fig. 7.  Continuous Fig. 6, Llama 3.1 70B performance on the example question.
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open-source models could reach 80% accuracy by November 2, 2024, and 90% accuracy around the same time 
in 2024. However, this was not observed when this paper was written on December 1, 2024. However, as the 
open source model evolution follows less the heritages from the same model family and companies heritage. 
We should expect large variation from the prediction. In fact, if we exclude Qwen2.5-Math from the open-
source models and focus solely on Llama-related models, we expect B-grade performance by August 9, 2026, 
and A-grade performance by December 11, 2026. This variance makes it difficult to precisely predict the future 
performance of open-source models, but we expect significant growth and a potential breakthrough in 2025.

Lastly, it is important to note that we have set a consistent buffer area for the evaluation criteria in scoring 
schema. This buffer will need to be tightened in the future as the precision requirements for high-stakes space 
engineering applications increase.

Discussion
The development of APBench (Astrodynamics Problems Bench) represents a groundbreaking advancement in 
benchmarking Large Language Models (LLMs) for space engineering applications. Unlike existing benchmarks, 
which predominantly focus on general knowledge or high-school-level problems, APBench introduces domain-
specific challenges that revolve around pivotal topics such as orbital mechanics, spacecraft dynamics, and 
mission design. By addressing these foundational aspects of space engineering, APBench bridges a crucial gap, 
enabling a more targeted evaluation of LLMs’ capabilities in this highly specialized field.

Another key contribution of this work is the comprehensive evaluation of state-of-the-art (SoTA) models, 
encompassing both leading closed-source models and the rapidly maturing open-source alternatives. Our 
discussion explores the systematic construction of the evaluation framework, detailing the careful selection of 
problem sets and the design of adaptable scoring criteria. The evaluation reveals the strengths and limitations of 
these models in solving complex space engineering problems but also a compelling trend: while closed-source 
models currently dominate in terms of performance, open-source models are making rapid advancements and 
steadily narrowing the gap.

Moreover, we project the timeline for achieving critical performance milestones. By analyzing trends in 
model evolution, we forecast when both closed-source and open-source LLMs might reach accuracy levels 
suitable for practical deployment in space engineering tasks. These projections underscore the accelerating pace 
of improvement, offering a glimpse into a future where LLMs could play a transformative role in addressing 
real-world engineering challenges.

We make the open APBench readily accessible so that we could introduce the space engineering problems 
to the broader community, encouraging not only space engineers but also the general AI research community 
to explore those problems. On the other hand, going beyond the fundamental space engineering questions 
presented in APBench, there are more advanced topics worth incorporating into the benchmark in the future, 
such as frozen orbit, mean motion resonance, periodic and quasi-periodic orbits, rotational dynamics, to name 
a few. With a continuing effort to enlarge and improve the benchmark itself, we expect the growth of APBench 
being similar to MATH16 where continuous growth and further exploration would help pushing the boundary 
of foundational models in space engineering. The integration between LLM and astronomy, a closely related 
field, has shown a promising direction in terms of benchmark building and methodology innovation18,35, as 
well as multi-model application36. In addition, the incorporation of other tool using ability to deal with the high 
precision operation and other advanced techniques such as RAG could also enable a better performance in the 
future. Aiming for further assisting the growth of AGI explainability, we believe this foundational benchmark 
would support pinpointing the explainability for AI in space engineering, pushing AI’s general acceptance in 
“the final frontier”.

Methods
Related work
While LLMs have transformed the field of NLP (Natural Language Processing) and have shown vast potential 
across various fields, rapid advancements in LLM capabilities present the possibility that in the future, 
superhuman AI systems could help advance “the final frontier”—space engineering. To measure our ability to 
align LLMs for this purpose, we need evaluation datasets that characterize the trustworthiness of these models 
on typical classroom-level astrodynamics problems. These tests should serve as the preliminary threshold before 
any trust is to be put in the answers from an LLM for practical applications to space system. As LLMs are 
used to answer increasingly difficult questions and are challenged on harder and harder questions where the 
scalable oversight, a phenomenon describing the incompetency in human’s generating solutions on their own 
to verify and test the improving difficulties LLM can solve, starts to appear20,37, we would expect that, despite 
of the existing generally well-known issues in LLMs like hallucination38, sycophancy39, and textual reasoning 
limitation40, among others, it is necessary to start evaluating the performance of LLMs on the specialized task 
of space engineering to reveal improvement potentials so as to both support the adoption of LLMs into space 
engineering and also to return valuable directions for the general AI development.

STEM benchmarks
Evaluating LLMs has made significant strides, and the evolvement of benchmarks has both proven the 
advancement of LLMs’ improving abilities and led to the call for new benchmarks41. Under the realm of STEM, 
we have witnessed a great number of benchmark datasets.

Benchmarks such as GSM8K15, designed for middle-school mathematics, and MATH16, focused on high-
school math competitions, have become standard in the field. For university-level mathematics, datasets like 
ProofNet42 and OCWCourses43 are widely recognized. Furthermore, Olympiad-level problems are covered by 
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datasets like MiniF2F44 and AlphaGeometry45, while the SAT dataset46 includes problems from the College 
Board SAT examination. As LLM performance continues to improve, there is a demand for even more 
challenging benchmarks. This has led to the creation of benchmarks such as MathOdyssey47, OlympiadBench48, 
and the collective dataset MathInstruct49. Beyond math, the evaluation of coding capabilities is also crucial40, as 
argued by CS-Bench50 that Computer Science (CS) represents the intricacies of human intelligence, profoundly 
advancing artificial intelligence and modern society.

Building upon the progress in math-related benchmarking, other fields have begun to develop specialized 
benchmarks. In general physics and chemistry, benchmarks targeting college-level problems have been 
introduced. The latest dataset SciBench51 formulates open questions incorporating both textual and image 
information. ScienceQA52 provide datasets with multimodal multiple-choice science questions, answers, tasks, 
lecture notes, and detailed annotations. BIG-Bench53 offers a general-purpose test suite with 204 tasks, ranging 
from multiple-choice to exact-match questions, while its extension, BIG-Bench Hard54, introduces more 
complex Chain of Thought (CoT) prompts. SciEval55 evaluates LLM’s understanding and application through 
a mix of objective and subjective questions across various scientific disciplines. JEEBench56 draws on pre-
engineering-level scientific problems from college entrance exams, and AGIEval57 assesses LLM performance 
on standardized exams such as college entrance and lawyer qualification tests.

More fields within STEM are recognizing the importance and promise of understanding LLMs’ capabilities in 
their specific domains. In finance, the introduction of the FinBench benchmark19 addresses the need to evaluate 
LLMs in more complex and specialized tasks. Their dataset serves as the first benchmark designed specifically 
for inherently complex financial problems, facilitating the integration of finance with the rapidly advancing 
landscape of LLM development. Similarly, in the field of requirements engineering, Norheim et al.58 highlights 
the limitations posed by the absence of benchmarks in advancing the understanding of LLMs in requirement 
engineering. The authors propose the development of benchmark datasets to enable systematic exploration 
and evaluation of LLM and NLP methods across various RE tasks in the future. In addition, as they cite, “the 
lack of benchmarks also makes it hard to benchmark the novel LLMs against past methods that have been 
applied (e.g., rule-based, feature-based ML)59”. This underscores the critical role of benchmarks in evaluating 
the transformative capabilities LLMs pose across STEM disciplines, as there is a significant difference between 
LLMs and traditional machine learning.

The curated benchmark, APBench, is strongly inspired by the need to improve benchmark difficulties in 
recent years. This includes scaling up benchmarks, as seen in math-related ones, and increasing the difficulty 
levels, as observed in physics-related benchmarks. Additionally, APBench addresses the demand for field-specific 
benchmarks, with the field of space engineering raising unique concerns about LLMs’ specialized capabilities.

Data curation process and principles
We collected each problem from source PDF documents and processed them locally using a combination of 
scripts and manual operations to divide the source contents into two sections: Content and Questions. Within 
Questions, each individual set has five items: Question, Solution, Answer, Format, and Source, while sharing the 
same Content. To streamline this process, we wrote scripts employing OpenAI’s API to conduct batch process. 
The script identifies chunks of information, separates them into the the above mentioned sections, and extracts 
the problems and solution processes while organizing the content and multiple problems accordingly. The final 
answers are classified as either numeric or message, and the source is indicated by an acronym as shown in 
Tables 1 and 2. Numeric answers are converted to floating-point numbers while message answers retain their 
original expressions during model performance evaluation. Additionally, step-by-step solutions are included for 
each problem. The section Content is reused across multiple problems without duplication.

Progressive problems settings
The source file may have multiple steps for a single problem set with a shared background information. We 
formulate the problem set structure as a shared content with multiple problems. The problems are organized 
as progressive problems. During evaluation process as illustrated in Fig. 1, we evaluate the correctness of the 
solution to a single problem and decide if the answered problem should be returned as part of the prompt based 
on the following condition: in the case of correctly solving a problem, the correctly answered problem along 
with its solution is attached to the content information. This provides additional context to the model, as many 
problems in the dataset under the same content are progressive. Figure 2 illustrates a case in which the answer 
to the second question could be directly used to solve the third question as the middle question is a necessary 
step for the right question.

We have also tested the performance of the model without information from past problems; this means that 
the model would treat each question independently. Our experiments indicate a similar performance; whether 
correctly answered questions are included in the prompt or questions are answered independently. The two 
cases of GPT-4 and GPT − 4∗ in Table 3 indicate that for GPT-4 model (gpt-4-turbo-2024-04-09), employing 
progressive prompt and employing independent prompt result in similar performance. At first glance, this 
seems counterintuitive, but according to Park et al.60, generative models possess “hidden capabilities” related 
to prompting. LLMs could answer a question correctly with a right way of prompting the question. A similar 
point was made in Zhu et al.11,14,61 regarding the concept of knowledge storage and extraction, suggesting that a 
question which can be correctly answered and which forms an important step for the next question can always 
be answered correctly. This implies that the correct answering of a question is determined not by its formulation 
but by its content. In essence, LLMs know what they know, and explicitly including what it could know in 
prompting is not necessarily the best way to extend their capability.

Despite the similar testing performance observed for both employing progressive prompt and not, we chose to 
structure the benchmark with progressive problems. This approach provides a more concise way of formulating 
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the dataset and avoids unnecessary duplication of content information. Moreover, this structure reflects the 
inherent setup of the problems, offering additional information that could be further explored in future studies.

Data source and ethical statement
To construct the dataset, we select a combination of online resources. We focus on including questions with 
more challenging, open-ended answers rather than the multiple-choice format commonly used in previous 
works17,51,52,62. The problem sets include questions requiring both numeric and message answers. This aligns with 
our goal of providing the benchmarking on the topics of astrodynamics in a general way, since astrodynamics 
problems requiring either answers are common in the field. Moreover, since a message answer could include 
analytical solutions and other intuitive insights, those solutions have a broader impact than numerical ones 
tailored to a specific scenario.

Models and experiment setup
We evaluate the benchmarking dataset on both open-source and closed-source LLMs on our local machine, 
employing a zero-shot prompting strategy. The evaluation workflow is depicted by an example case in Fig. 7. For 
each set of questions within a single problem set, the Content and the Question are combined in the prompt to 
request the LLM’s final solution and answer. The answer from the LLM is then evaluated by comparing it to the 
correct answer in the problem set. In the zero-shot prompt setting, no prior examples or specific training data are 
provided. The model is expected to generate accurate responses based solely on its pre-existing knowledge and 
its ability to generalize from the prompt. This setup tests the LLM’s capacity to solve problems without relying 
on previously seen examples, thereby evaluating its inherent astrodynamics knowledge and problem-solving 
capabilities in the context of the task at hand.

Recent development in fine-tuning has made the process of creating specialized LLM much more possible 
through not only programming techniques, but also the process of the knowledge and methods. The most recent 
update from OpenAI’s new model, OpenAI o1-preview, is the newest area of improvement. It demonstrates 
remarkable advancements in critical areas such as mathematics, physics, chemistry, and coding. These 
improvements highlight the ongoing refinement of LLM capabilities in solving intricate problems across STEM 
disciplines. Simultaneously, the rapid growth of open-source models has led to an explosion of foundational 
models, accompanied by diverse and innovative methodologies for creating and optimizing LLMs.

We selected a diverse set of leading LLMs to evaluate their performance on APBench. On the closed-
source side, we chose several models from OpenAI, including GPT-4 (gpt-4-turbo-2024-04-09), GPT-4o 
(gpt-4o-2024-08-06), o1-mini (o1-mini-2024-09-12), and o1-preview (o1-preview-2024-09-12). These models 
represent a growing trend of confidence in their ability to solve a variety of problems efficiently. Additionally, 
we included Claude 3.5 Sonnet from Anthropic, released on 2024-06-14. Sonnet is reported to achieve similar 
or superior performance compared to GPT-4o on several math and coding-related benchmarks63. On the open-
source side, we selected multiple versions of Llama from Meta, one of the most popular open-source models. 
Specifically, we included Llama 2 7B (Llama-2-7b-chat-hf), Llama 3.1 8B (Llama-3.1-8B-Instruct), Llama 
3.1 70B (Llama-3.1-70B-Instruct), Llama 3.2 1B (Llama-3.2-1B-Instruct), and Llama 3.2 3B (Llama-3.2-3B-
Instruct). Due to hardware limitations, the large Llama 3.1 70B model was loaded using a 4-bit quantization 
method. These models cover a wide range of sizes and evolutionary steps within the Llama family. We also 
included AstroLLaMA64 available on 2023-09-12, a fine-tuned model trained on arXiv astronomy abstracts, 
aiming to be able to conduct “scholarly astronomy”. Given the foundational connections between astronomy 
and space engineering, we selected this model to explore whether its training on astronomy content would aid 
in solving space engineering problems. Another significant inclusion was the Reflection Llama series. For the 
Reflection Llama 3.1 70B model (Reflection-Llama-3.1-70B), we evaluated both the full floating-point version 
and a 4-bit quantized version to test the impact of quantization. Additionally, we tested the Ollama Reflection 
model, another 4-bit quantized version of Reflection Llama under the Ollama framework. According to its 
developers, “trained using Reflection-Tuning, a technique developed to enable LLMs to fix their own mistakes”, 
Reflection Llama claimed to achieve SOTA performance on multiple benchmark on twitter. Last but the not the 
least, we also include Qwen2.5-Math of various size 1.5B (Qwen2.5-Math-1.5B-Instruct), 7B (Qwen2.5-Math-
7B-Instruct), and 72B (Qwen2.5-Math-72B-Instruct). For Qwen2.5-Math 72B model, we loaded it using 4-bit 
quantization. Qwen2.5-Math is reported to outperform most contemporary models in the mathematics domain.

Automatic scoring pipeline and evaluation criteria
APBench is designed with the target of providing adequate evaluation for deploying foundational models in real-
world engineering scenarios. APBench requires a prior Format of being either a numeric or message answer; an 
automatic scoring pipeline is developed accordingly.

The answer from LLMs is evaluated using predefined rules based on the Format of the reference answer in 
a problem set. The scoring schema is shown in Fig. 1. For numeric Format, the answer is converted from text 
strings to floating numbers, and numeric values are extracted for evaluation. An error margin, which adapts 
to the true answer of the problem, is used to determine if the answer is approximately correct. Similar error 
margin criteria has been adopted in Wang et al.51; and this criteria can be adjusted, either tightened or loosened, 
in future evaluations. We employ an error margin expression of (0.1 + 0.01 log(|Answer|)) to evaluate if the 
difference between an LLM answer and the reference answer is acceptable. In the case of this calculated error 
margin exceeds the range between 0 and 1, a fixed error margin of 0.1 is used. The known challenges associated 
with arithmetic operations were the primary consideration in determining the error boundary.

On the other hand, if the Format of the expected Answer is message, a combination of LLM-as-a-judge 
evaluation and an embedding-level evaluation is employed. The criteria for problem in Message format is a 
weighted score of 0.5(LLM-Judge + Embedding-Similarity), and a score higher than 0.6 is considered 
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accurate; else wrong. A similar weighted way of evaluating the performance is also employed in Wang et 
al.65 while the single employment of LLM-as-a-judge was employed in Foutter et al.66. The LLM-as-a-judge 
employs GPT4o (gpt-4o-2024-08-06) to evaluate if the LLM Answer and the reference Answer are the same 
between a scale of 0 to 10 and then normalize that number to 1. LLM’s ability to incorporate different sequence, 
formulation, and expression of the same expression gives it a unique role as a judge. The evaluation is also 
augmented by employing embedding-level evaluation. We select the pretrained model all-MiniLM-L6-v267 to 
map Answer and Model Answer to two 384 dimensional dense vectors. As the expressions may use different 
symbols and orders, employing embedding-level similarity check could also support the decision from LLM-as-
a-judge process. Embedding similarity is checked with the cosine similarity, naturally scaled between 0 and 1, 
adding vagueness into the criteria.

Benchmark dataset curation process
The benchmark dataset curation process is depicted in Fig. 3. We take the source files in various types (PDF, 
PNG, JPEG, etc.) and feed them into the block that inspect the source files. Prompt 1 is used to get the number 
of examples in the file. It is more efficient to include human in the next step of editing the pattern found by 
LLM and use that pattern with Prompt 2 to create the first JSON file JSON Type-1. JSON Type-1 only has 
two attributes: Problem and Solution. Then we use Prompt 3 to separate Problem into Content and Question, 
creating JSON Type-2 JSON file. However, the Question identified could be a combination of multiple questions, 
so we separate the Question and Solution simultaneously into multiple Questions and corresponding Solutions, 
generating JSON Type-3 JSON file.

Furthermore, we employ a two-step operation with an if logic condition, to split Question and Solution 
further into more detailed Question and Solution. The corresponding prompts are Prompt 5 step 1 and Prompt 
5 step 2. A human interference is introduced to evaluate the completeness of Question and Solution splitting. If 
it needs further splitting, we repeat the process. But if the Question and Solution cannot be further separated, 
we move to the step of updating Format, condensing Answer, and updating Question part. The corresponding 
prompt is also a two-step prompt: Prompt 6 step 1 to update the Format attribute, and Prompt 6 step 2 to use 
the updated Format attribute to condense Answer and update Question when the Format is numeric while do 
nothing for message Format.

Throughout the process, we are able to conduct large amount of automatic operation over the creation of 
the benchmark datasets. Human interference is still needed in multiple places such as determining whether to 
further split Question and Solution; determining the quality of the Format determination; also as early as pattern 
determination in Source files. Finally, we achieve the updated JSON Type-3 JSON file with the attributes shown 
in Fig. 2.

The list of prompts are:
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Model performance examples

Data availability
The open APBench datasets are available at https://huggingface.co/datasets/woodywu/APBench.
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