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Abstract

We present Lunar-R1, an 8B-parameter rea-
soning model tailored for lunar science and mis-
sion operations, developed through continued
pre-training, supervised fine-tuning, and rein-
forcement learning. To optimize the accuracy-
efficiency trade-off, we introduce Latent Diffi-
culty Perception (LDP), a lightweight mecha-
nism that leverages final-layer hidden states to
estimate query difficulty and regulates Chain-
of-Thought generation length via difficulty-
aware reward modeling. We construct Lunar-
QA, an expert-verified benchmark derived from
authentic lunar mission materials, and further
evaluate on domain-specific tasks spanning as-
tronomy and astrodynamics. Experimental re-
sults demonstrate that LDP reduces average
token consumption by 38.9% while improving
reasoning accuracy. Profiling on an RK3588
NPU yields 0.54 J/token energy efficiency and
380 ms time-to-first-token latency, validating
feasibility for lunar surface edge deployment.

1 Introduction

Early lunar exploration missions focused on short-
duration objectives, including orbital surveys, land-
ings, and sample returns, and provided limited
capacity for sustained scientific observation (Lin
et al., 2024b). In contrast, contemporary missions
increasingly prioritize long-term lunar presence
and semi-autonomous surface operations. NASA’s
Artemis program envisions persistent lunar re-
search infrastructure (Smith et al., 2020), the Euro-
pean Space Agency has proposed the Moon Village
initiative (Athanasopoulos, 2019), and the Inter-
national Lunar Research Station targets extended
autonomous operations with intermittent human
involvement (Pei et al., 2020). As lunar infrastruc-
ture expands and mission workflows grow in com-
plexity, exploration systems must deliver enhanced
onboard analysis and scientific decision-support
under strict computational constraints (Xiaoqiang
et al., 2025; Gaddis et al., 2023; Zhang et al., 2023).
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Figure 1: LDP enables the model to adaptively regulate
reasoning length based on query difficulty, reducing to-
ken costs while maintaining domain reasoning accuracy.

LLMs, including DeepSeek (Guo et al., 2025)
and GPT-4 (Achiam et al., 2023), demonstrate
strong language understanding and multi-step rea-
soning capabilities across domains spanning medi-
cal diagnosis (Thirunavukarasu et al., 2023), math-
ematical problem solving (Liu et al., 2023), and
code generation (Zheng et al., 2023). These ad-
vances motivate recent studies on LLM applica-
tions in lunar mission operations (Zhao and Song,
2024; Navarro et al., 2024). However, lunar de-
ployment introduces critical constraints: surface
facilities operate with limited onboard computa-
tion and intermittent communication links (Moreira
et al., 2025). Lightweight models support edge de-
ployment but lack the reasoning depth required for
complex scientific analysis. In contrast, advanced
reasoning LLMs provide robust multi-step infer-
ence, yet their long-form Chain-of-Thought (CoT)
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generation introduces substantial token overhead
and latency. This challenge is amplified by over-
thinking, where models generate redundant reason-
ing traces for low-difficulty queries (Chen et al.,
2025c¢). Recent analyses indicate this inefficiency
is partly driven by training objectives implicitly
incentivizing verbose sequences (Sui et al., 2025).

To address these limitations, we introduce the
Latent Difficulty Perception (LDP) mechanism.
Probing studies suggest that task difficulty can be
decoded from the terminal hidden states of LLMs
through linear probing (Lee et al., 2025; Shojaee
et al., 2026). Motivated by this finding, LDP esti-
mates query difficulty from model activations and
uses this signal to guide reasoning-budget alloca-
tion during reinforcement learning. Specifically,
we integrate the difficulty score into Group Rela-
tive Policy Optimization (GRPO) (Guo et al., 2025)
through reward modeling, encouraging concise rea-
soning for low-difficulty queries while preserv-
ing sufficient CoT length for complex scientific
tasks. This training-time control differs from fixed
thinking budgets (Lin et al., 2025) and post-hoc
truncation (Chen et al., 2025b) , as it enables the
model to internalize difficulty-appropriate reason-
ing patterns. Based on this mechanism, we develop
Lunar-R1, a reasoning model designed for lunar
exploration, and evaluate its accuracy-efficiency
trade-off under both domain benchmarks and edge
hardware constraints. To support domain evalua-
tion, we construct Lunar-QA, an expert-verified
benchmark derived from authentic lunar mission
materials and aligned with representative lunar ex-
ploration scenarios. We further evaluate on external
benchmarks to examine cross-task generalization.

Our contributions are summarized as follows:

* (Methodology) We propose LDP to guide re-
ward modeling and allocate the computational
budget, ensuring that reasoning granularity
matches task difficulty via linear probing.

* (Performance) We develop Lunar-R1 and
achieve superior performance, outperform-
ing LLMs with comparable parameter counts
while optimizing accuracy and efficiency.

* (Deployment) We validate on-chip deploy-
ment through profiling on a consumer-level
RK3588-class NPU. The model yields 0.54
J/token energy efficiency and a 380 ms time-
to-first-token latency, demonstrating its feasi-
bility for lunar surface edge deployment.

2 Related Works

LLMs for Space Exploration. Recent progress
in knowledge reasoning motivates the application
of LLMs to lunar and space exploration. Lu-
nar Twins (Xiao et al., 2025) develop domain-
specific LLMs and instruction data for lunar explo-
ration. Concurrently, knowledge-graph-enhanced
systems target lunar knowledge question answer-
ing (Wang et al., 2025) and scientific literature
mining (Pekala et al., 2025). In parallel, multi-
modal LLMs and datasets designed for space ex-
ploration expand the scope of planetary perception.
Space-LLaVA (Foutter et al., 2024) adapts vision-
language models to Mars imagery using synthetic
annotations. Furthermore, LLaVA-LE (Inal et al.,
2026) constructs a lunar image-captioning and vi-
sual question-answering dataset for terrain analy-
sis. Planetary benchmarks, including Mars-Bench
(Purohit et al., 2025), LuSNAR (Liu et al., 2024),
Lunar-Bench (Xiao et al., 2026), and AstroMM-
Bench (Shi et al., 2025), establish evaluations for
scene understanding. Despite these advances, cur-
rent applications remain ground-based, as onboard
resource constraints preclude direct deployment
and necessitate edge-compatible reasoning.

Efficient Reasoning of LLMs. Although explicit
reasoning improves problem-solving ability, it also
introduces substantial inference costs. Budget-
forcing methods such as s1 (Muennighoff et al.,
2025) constrain or extend reasoning length under
prescribed compute budgets, while Token-Budget-
Aware Reasoning (Han et al., 2025) and Plan-and-
Budget (Lin et al., 2025) allocate reasoning to-
kens according to problem complexity. SelfBud-
geter (Li et al., 2025b) and BudgetThinker (Wen
et al., 2025) further improve control over reason-
ing length by learning budget estimation or using
explicit budget-control tokens during generation.
Difficulty-adaptive methods provide another route
to reducing redundant reasoning. DiffAdapt (Liu
et al., 2025b) predicts task difficulty from hid-
den states and routes queries to different decod-
ing strategies without fine-tuning the model, while
DAST (Shen et al., 2025) and DIET (Chen et al.,
2026) integrate difficulty-aware length control into
training to reduce excessive reasoning. Truncation
and self-regulation methods such as DART (Zhang
et al., 2025b) and Draft-Thinking (Cao et al., 2026)
also reduce redundant reasoning by learning when
to stop or how to retain compact reasoning steps.
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Figure 2: Illustration of LDP. LDP trains a lightweight probe mapping the terminal hidden state of a query to a
scalar difficulty score, which establishes a reasoning budget via 7ok (s) = § + vBs. During GRPO training, the
budget penalizes redundant CoT for easy queries while preserving sufficient reasoning length for complex tasks.

3 Methodology

For an input query ¢ = (z1,...,27), we model
difficulty as a latent distribution over K ordered dif-
ficulty states. For each query in the probe-training
set Dp, difficulty annotations are aggregated into
a soft distribution p(z | q), where z € 1,..., K
denotes an ordered difficulty state. The difficulty
entropy is then computed as

Hig)=-> z=1%p(z | q)logp(z | q) (1)

We normalize this empirical entropy into a continu-
ous difficulty label y(q) € [0, 1]:
0, 1) 2

where Hmin and Hmax are the entropy bounds
computed on D,,, and € ensures numerical stability.
We parameterize a linear probe ¢ to project the
hidden state onto a scalar score:

H(q) — Hmin
Hmax — Hmin + €’

y(q) = clip <

s(q) = ¢(hT(q)) = o(w 'hT(q) +b) (3)

where o (-) constrains the prediction to [0, 1]. The
probe is optimized via mean squared error:

Lprobe = Eq ~ D, [|¢(hr(q)) —y(9)3] @)

Post-training, ¢ is frozen. A stop-gradient operator
sg(-) isolates the difficulty estimator from policy
gradients to guarantee stability.

As shown in Figure 2, the predicted difficulty
score s is converted into an adaptive reasoning bud-
get Teok(s) = 0+~ Bs, where -y controls sensitivity

to difficulty and § sets the minimum budget, and
B is a token-scale budget factor. For a sampled
response o;, let ¢; = [(o; € V*) indicate correct-
ness, f; = Igns(0;) indicate format validity, and
£(0;) denote token length. The penalty is:

Uos) — Tron(s8(5))
Teon(58(5)) + ¢ ) ©)

The reward function integrates correctness, format
validity, and the length penalty:

pi(s) = ReLU (

(6)

The gate c; ensures that the length penalty applies
only to correct responses, preventing reward ex-
ploitation through trivial or incorrect outputs.

We further integrate the LDP reward into GRPO.
For each query g, the policy samples G responses
{01,...,0c}. Each response receives reward
ri(0;, s), and the group-normalized advantage is:

(04, 8) = ¢; + pfi — Acipi(s)

i T mean({rj}jG:l)
tostd({r),) +e

The clipped surrogate objective is:

(N

£ (9) = min (pi(Q)Ai7Clip(p¢(9), 1+ ecnp)Ai) @)

The group policy is optimized by maximizing the
objective:

»7('9) =E,

G
é Z (thp(ﬁ) — ﬂ]D)KL(WeHWref))] )
i=1

where [ modulates the KL divergence penalty
against the reference policy e to mitigate policy
drift. Extended empirical analyses substantiating
the LDP are provided in Appendix C and D.



4 [Experiments

4.1 Experimental Setup

Baselines. We initialize our policy model from
the Qwen3-8B backbone, utilizing its hybrid rea-
soning capabilities via <Think> and </No_Think>
tokens. We benchmark Lunar-R1 against three
categories of models. GPT-5.2 (OpenAl, 2025),
Gemini-3-Pro (Google DeepMind, 2025) and
Claude Opus 4.6 (Anthropic, 2026) are adopted
as reference upper bounds for performance. Large-
scale open-weights models, including DeepSeek-
R1 (Liu et al., 2025a) and Qwen3-235B (Yang et al.,
2025), benchmark complex reasoning capacities.
Small language models provide efficiency compar-
isons. All evaluations are conducted through the
OpenRouter API with a 16K context window and
same fixed sampling hyperparameters (I' = 0.6,
top-p = 0.9). Training details and benchmarks are
deferred to Appendix A and B, respectively.

Benchmarks and Metrics. Lunar-QA serves as
our primary evaluation testbed. To validate cross-
domain generalization, we deploy a suite of exter-
nal astronomical benchmarks stratified by cognitive
complexity. Specifically, AstroBench (Ting et al.,
2025) and Astro-QA (Li et al., 2025a) assess foun-
dational domain knowledge. AstroReason-Bench
(Wang et al., 2026) and APBench (Wu et al., 2025a)
evaluate multi-step deductive reasoning. 10AA
(Pinheiro et al., 2025) benchmarks olympiad-level
scientific problem-solving. We quantify model per-
formance across three strict dimensions. Scien-
tific Accuracy is measured via Pass@1 exact-match
rates. Inference Efficiency is defined by Average
Token Consumption (ATC), isolating the computa-
tional overhead of correct generations. Reasoning
Quality is adjudicated through a double-blind pro-
tocol that combines domain-expert evaluation with
an LLM-as-a-Judge prompt (presented in Table 6).

Table 1: Main results on benchmarks. We report the average accuracy (in %, 1) computed over 5 independent
runs, and the efficiency measured by Average Token Consumption (ATC, |). Bold and underlined values denote the
best and second-best results among non-proprietary models, respectively; closed-source LLMs are included only as
reference baselines. The LDP probe is trained on the MMLU (Hendrycks et al., 2020) for difficulty calibration.
Extended comparisons are provided in Appendix C, and a representative case study is shown in Figure 11.

Models ‘

Scientific Accuracy (%) 1

‘ Inference Efficiency (ATC) |

‘ Lunar AstroQ AstroB AstroR APB I0AA ‘ Lunar AstroQ AstroB AstroR APB I0AA
Proprietary Reference Models
GPT-5 64.8 832 94.2 49.7 712 855 | 1218 1103 969 2191 2353 1493
Gemini-3-Pro 62.6 86.0 92.1 49.8 703 86.6 | 1235 1083 1001 2058 2444 1401
Claude Opus 4.6 604  77.1 90.3 417 503 593 | 1005 932 917 1824 1972 1255
Open-Weight LLMs
DeepSeek-R1 61.2 825 90.5 40.2 66.0 78.5 | 3451 2893 2657 4823 5121 3893
DeepSeek-V3.2 555 717 89.4 355 550 65.0 | 953 881 849 1763 1951 1213
Qwen3-235B-A22B | 58.1 74.8 89.4 38.1 62.1 684 | 983 921 887 1847 2103 1273
Qwen3-32B 548  70.2 83.5 30.8 415 402 | 857 793 761 1603 1753 1099
ChatGLM-Z1-32B | 53.9 74.0 84.1 31.5 402 425 | 843 779 751 1583 1719 1079
Qwen3-14B 502 746 87.7 28.5 352 385 | 721 679 649 1349 1499 947
Small Language Models (<10B)
ChatGLM-Z1-9B 445 723 68.3 22.8 255 282 | 647 611 579 1249 1451 919
Qwen3-8B 38.5 489 65.1 152 12.8 15.5 | 453 419 397 853 981 649
Mistral-8B 428 534 49.2 185 194 228 | 613 569 541 1181 1319 859
Llama-3.1-8B 412 521 48.5 16.6 184 21.5 | 607 563 531 1151 1299 839
Gemma-2-9B 441 575 52.8 199 21.6 254 | 681 643 611 1283 1481 941
Lunar-R1 (Ours, 8B)

No_Think 349 395 352 125 156 112 | 227 199 185 313 347 289
+ CPT Training 482 584 61.2 27.0 30.7 245 | 728 646 660 1231 1449 963
+ SFT Training 58.8  67.6 75.1 33.8 403 347 | 1196 1051 1079 2145 2446 1441
+ GRPO (w/oLDP) | 59.1 704 79.8 356 384 358 | 947 893 863 1841 1919 1249
+ GRPO w/ LDP 64.0 76.6 79.7 42.8 465 452 | 442 415 391 785 891 635
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4.2 Main Results

Overall Performance. Table 1 details the quanti-
tative results across Lunar-QA and domain-specific
benchmarks. Relative to the Qwen3-8B backbone,
Lunar-R1 simultaneously elevates accuracy and
compresses ATC, which confirms that LDP probe
enables highly effective reasoning token alloca-
tion. Furthermore, Lunar-R1 approaches the per-
formance of DeepSeek-V3.2 on scientific reason-
ing tasks with a markedly lower token footprint.
These outcomes demonstrate that adapting reason-
ing length to query difficulty inherently optimizes
both deductive capability and inference efficiency.

Output Preference Evaluation. As shown in
Figure 3, against Qwen3-8B, Lunar-R1 is consis-
tently preferred, achieving win rates of 62.0% un-
der GPT-5 judging and 58.5% under human evalu-
ation, with tie rates of 21.5% and 24.0%. Against
larger DeepSeek-R1, Lunar-R1 remains competi-
tive, with human evaluation reporting a 45.0% tie
rate and a 22.5% win rate, while GPT-5 judging
reports a 47.5% tie rate and a 28.0% win rate.

124 43 33 56 95 49
GPT-5 Judge GPT-5 Judge
117 48 35 45 90 65

Human (n=5)

Lunar-R1 Qwen3-8B  Tie

Figure 3: Pairwise preference evaluation of Lunar-R1
with Fleiss’ x = 0.89 inter-annotator agreement (n = 5).
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4.3 Ablation Studies

Impact of Training Ablation. Figure 4(a) sum-
marizes the performance across different training
methods. The No_Think baseline uses the fewest
tokens (227) but only achieves 34.9% accuracy,
showing that direct generation cannot handle com-
plex reasoning tasks. Adding PPO improves ac-
curacy to 52.7% (+17.8%) but nearly triples the
token consumption (612), which indicates ineffi-
cient exploration. GRPO (w/o LDP) further raises
accuracy to 59.1% but causes the model to generate
excessive text to maximize length-based rewards,
pushing usage to a peak of 947 tokens. In contrast,
GRPO w/ LDP achieves the highest accuracy of
64.0% while reducing consumption to 442 tokens.

Budget Parameters. We analyze the budget pa-
rameters 0 and v where § determines the minimum
token count and y controls the sensitivity to diffi-
culty. As shown in Figure 4 (b), increasing § from
0 to 100 raises accuracy by 3.5% from 60.5% to
64.0%. However, further increasing § to 200 yields
a negligible gain of 0.1% while inflating ATC by
31% to 580. This indicates that excessive buffers
lead to wasted computation. Similarly, setting
to 1.5 optimizes the resource allocation. A higher
setting of 2.0 reduces to 63.2% despite a higher
consumption of 515 ATC. This suggests that an un-
restrained budget encourages the model to generate
irrelevant reasoning steps. Therefore, the configu-
ration of 0 = 100 and «y = 1.5 achieves the optimal
balance with 64.0% accuracy and 442 ATC.
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Figure 4: Ablation study of training strategy and budget hyperparameters. (a) Performance trade-off under
different policy optimization settings. GRPO with LDP achieves a better balance between task accuracy and
generation efficiency than PPO and GRPO without LDP. (b) Sensitivity analysis of the budget parameters ¢ and ~.
Increasing the base budget § beyond 100 brings limited accuracy improvement while substantially increasing ATC.
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S Edge Deployment

We evaluate Lunar-R1 across edge environments
using the ELIB benchmarking framework (Chen
et al., 2025a). The hardware testbed includes a
rover-grade Rockchip RK3588 with 34 GB/s mem-
ory bandwidth, a Xiaomi Redmi Note 12 Turbo mo-
bile platform, and a Mac mini M2 with 100 GB/s
unified memory bandwidth. The Mac mini sus-
tains interactive generation rates due to its higher
memory bandwidth, whereas the RK3588 and mo-
bile platforms are primarily limited by Model
Bandwidth Utilization (MBU). On these resource-
constrained devices, the standard W8A16 saturates
DRAM bandwidth and keeps decoding through-
put below 2.5 tok/s. We also observe that default
OpenCL offloading on ARM-based SoCs can in-
troduce numerical instability during long-sequence
generation, leading to abrupt perplexity increases
(PPL > 50) and reduced generation reliability.

To address these deployment constraints, Lunar-
R1 adopts a stabilized W4A16 quantization strat-
egy (Lin et al., 2024a) together with custom com-
puting kernels. This configuration reduces mem-
ory traffic, improves MBU, and mitigates precision
overflow during long decoding. Under tuned perfor-
mance profiles, Lunar-R1 maintains stable perplex-

ity below 6.5 and achieves 6.42 tok/s on the mobile
platform and 22.10 tok/s on the Mac mini M2. No-
tably, as shown in Figure 5, on the target RK3588
rover platform, Lunar-R1 reaches 4.35 tok/s with a
time-to-first-token latency of 380 ms and a specific
energy consumption of 0.54 J/tok. These results
indicate that Lunar-R1 can support practical lunar-
domain reasoning on low-power edge hardware
with improved throughput and energy efficiency.

6 Conclusion

This work presents Lunar-R1 to address the com-
putational bottlenecks of deployment on lunar edge
devices. We propose a LDP mechanism that ex-
ploits the linear separability of task complexity in
terminal hidden states to allocate inference budgets.
By integrating this difficulty signal into GRPO
training, the model eliminates redundant reasoning
steps without compromising reasoning depth. Ex-
perimental results show Lunar-R1 achieves SOTA
performance among SLMs and outperforms larger
LLMs like QwQ-32B on domain-specific tasks.
Deployment on NPUs confirms the model satis-
fies latency and energy constraints. These findings
demonstrate the feasibility of scientific reasoning
for resource-limited space exploration missions.



Limitations

LDP estimates difficulty through a latent distribu-
tion over ordered difficulty states. The entropy-
based difficulty signal shows a high correlation
with expert assessments on Lunar-QA (p = 0.82),
indicating that terminal hidden states provide use-
ful cues for difficulty perception before response
generation. However, its cross-domain validity de-
pends on the alignment between the probe-training
distribution and target tasks. A lunar-trained probe
applied to mathematical deduction shows reduced
correlation (p = 0.63 on MATH), whereas broader
training on MMLU restores performance (p = 0.73
on MATH, p = 0.79 on Lunar-QA). Thus, cross-
domain generalization requires either task-specific
recalibration or diverse difficulty-state supervision.

Ethics Statement

All training data are sourced from publicly avail-
able repositories, with proprietary and personally
identifiable information (PII) excluded. Human an-
notators and domain experts involved in data con-
struction and evaluation were compensated above
local statutory minimums. To ensure reproducibil-
ity, we commit to releasing model weights, datasets,
and training code upon publication under open-
source licenses. Lunar-R1 is designed exclusively
for peaceful lunar exploration and mission support,
and is not intended for military or adversarial use.
Finally, we thank all the reviewers and area chair
for contributions made to the review process.
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Appendices

A Training Implementation

A.1 Data Construction

Lunar Science Corpus. The pre-training cor-
pus draws from telemetry metadata, mission logs,
and analysis reports from the NASA Planetary
Data System and the CNSA Data Release Sys-
tem. The initial collection comprises 320.6 GB
of documents, including PDFs, spreadsheets, and
image-embedded technical reports. We use Marklt-
Down (Microsoft, 2024) to convert these raw for-
mats into structured Markdown; this tool corrects
OCR errors and extracts text from embedded tables
and figures. Following the CCNet protocol (Wen-
zek et al., 2020), we filter documents by perplexity
and discard segments with n-gram repetition rates
above 40%. This process yields 42.3 GB of cleaned,
high-quality text for domain-adaptive pre-training.

Instruction Data & Benchmark. We construct
the SFT dataset using a self-instruct pipeline (Wang
et al., 2023). The process begins with 2,000 expert-
authored seed instructions for lunar mission sce-
narios. We retain samples with an expert ap-
proval rating o > 0.9, yielding 55,000 high-fidelity
instruction-response pairs for post-training. In par-
allel, we manually build the independent Lunar-
QA evaluation benchmark, consisting of 5,000
triplets (@, A, D) drawn from held-out corpus seg-
ments, where () is the question, A is the correct an-
swer, and D denotes the expert-assigned difficulty

o=

Research papers

label (easy, medium, hard). 13-gram overlap-based
deduplication is applied to ensure no overlap with
the training data. We further conduct contamina-
tion tests in Appendix F to validate the datasets.

Data Decontamination. An n-gram overlap de-
tection algorithm systematically detects data leak-
age originating from shared text segments. For-
mally, the protocol flags a training document d €
Dirain as contaminated if it shares any 13-gram
subsequence with an evaluation sample s € Sqya:

c:]1< )(10>

where I(-) denotes the indicator function. Thresh-
old is set to k£ = 13, adhering to the decontamina-
tion established by GPT-3 (Brown et al., 2020).

ds € Seval :
gramsi3(s) N grams;3(d) # 0

A.2 Training Framework

Problem Formulation We formulate the reason-
ing process as a token-level Markov Decision Pro-
cess (MDP). Given an input query z, the policy
Ty generates a sequence y = (y¢,Yq), Where y;
denotes the latent reasoning chain encapsulated in
<think> tags, and y, represents the final answer.
The optimization objective is to maximize the ex-
pected return under efficiency constraints:

J(0) = Eynrg(la) [R(a,y") — Mog(ly:])]  (11)

where y* is the ground truth, R(-) is the reward
function, and A regulates the trade-off between rea-
soning depth and token consumption.
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Figure 6: Training framework for Lunar-R1. Step 1 constructs high-quality reasoning CoT via automated
annotation across a model pool. Step 2 executes a progressive training pipeline. This sequence advances through
continued pre-training, SFT, and GRPO. It optimizes policy convergence via difficulty-aware reward modeling.
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Stage I: Continued Pre-training. As illustrated
in Figure 6, we continue pre-training on the 42.3
GB Lunar Science Corpus using the Qwen3-8B
backbone. We apply MinHash-LSH deduplica-
tion with a Jaccard similarity threshold 7 = 0.8
to remove near-duplicate documents while retain-
ing domain-specific terminology and mathematical
expressions. Training is conducted with the Llama-
Factory framework (Zheng et al., 2024) using a co-
sine learning rate schedule (peak 7. = 1 x107?),
a global batch size of 64, running for 3 epochs.

Stage II: Cold Start Supervised Fine-Tuning.
Direct reinforcement learning from the CPT check-
point can lead to unstable training and slow con-
vergence, as the model lacks exposure to struc-
tured reasoning patterns (Tie et al., 2025). To
address this, we perform a cold-start SFT stage
using distilled CoT samples. We collect 100,000
reasoning trajectories from DeepSeek-R1, GPT-5,
and Qwen3-235B, stratified by length into Short
(< 512 tokens), Medium (512-2048 tokens), and
Long (> 2048 tokens) categories in a 2:5:3 ratio.
This distribution prevents the LLM from collapsing
to overly concise responses while ensuring suffi-
cient exposure to extended thinking. We fine-tune
the model by minimizing negative log-likelihood
Lser = —E(; ) log mo(y|z) with learning rate
2 x 107°, maximum sequence length 8192, and
training for 2 epochs, totaling approximately 6,250
steps on 8 X NVIDIA A100 GPUs over 47 hours.

Stage III: Group Relative Policy Optimization.
We compute the advantage A; for each trajectory
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y; by normalizing its reward r; against the group

" Ty — pG
Aj=——, 12
! og t+ € (12)
where ¢ and og denote the mean and standard

deviation of rewards within the group.

Hybrid Reward Modeling The deterministic
components include Correctness, which assigns a
sparse positive reward exclusively for exact ground-
truth matches to ensure terminal accuracy, and
Format, which incentivizes schema through valid
XML encapsulation verification. Crucially,the LDP
linearly projects the hidden state as a continuous
scalar s. The efficiency constraint utilizes a ReLU
function to penalize token that exceeds the budget.

Implementation Details. Optimization is per-
formed with the Verl framework (Sheng et al.,
2024) on 8 NVIDIA A100 GPUs for approximately
35 hours. The policy is initialized from the SFT
checkpoint and trained with group size G = 16,
learning rate n = 1 x 107°, and KL coefficient
Bk = 0.04 (see Figure 7). The probe’s supervi-
sion target is a continuous label y € [0, 1] obtained
by normalizing the empirical difficulty entropy
H (q) over ordered difficulty states. It maps the ter-
minal hidden state h7(g) to a sigmoid-constrained
difficulty score s € [0,1] and is optimized with
mean squared error against the entropy-normalized
target. After training, the probe is frozen and used
only to assign adaptive reasoning budgets during
GRPO. The calibrated score achieves an ECE of
0.045 with 10 equal-width bins and a ROC-AUC
of 0.88 under a median-split difficulty threshold.

(b) Impact of § on Performance
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Figure 7: GRPO hyperparameter ablation studies. (a) The trade-off between validation accuracy and system
throughput across varying group sizes G. G = 16 is selected as the Pareto-optimal point, balancing performance
gains with computational efficiency. (b) The impact of the KL penalty coefficient S on validation accuracy.



B Benchmark Details

Lunar-QA (Ours). As shown in the top panel of
Figure 8, it exhibits a high correlation (p = 0.82)
with expert assessments, verifying its reliability in
reflecting operational challenges.

Astro-QA  (Liet al., 2025a). A comprehensive
dataset quantifying instruction following and re-
trieval precision, designed to minimize hallucina-
tions in fine-grained fact-checking tasks.

AstroBench  (Ting et al., 2025). An expert-level
suite assessing the breadth of knowledge and rea-
soning across subfields, including Stellar Physics.

Lunar-QA

Astro-QA

AstroReason-Bench (Wang et al., 2026). A rea-
soning benchmark focusing on multi-step logical
inference and physical unit consistency within plan-
etary science contexts.

APBench (Wuetal., 2025a). Dedicated to astro-
dynamics, this benchmark mandates high-precision
computation for differential equations and trajec-
tory optimization, distinguishing mathematical pro-
ficiency from textual understanding.

IOAA  (Pinheiro et al., 2025). A challenge
sourced from Astronomy Olympiads. It tests the
generalization of physical intuition through com-
plex derivations in unseen scenarios.

AstroBench

Human-assessed difficulty level (normalized)

1 0 1 2 3 1 0 1 2 3 1 0 1 2 3
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Figure 8: Difficulty alignment and performance comparison across benchmarks. The scatter plots (top)
demonstrate the correlation (p) between LDP Probe predictions and human-assessed difficulty across 6 datasets.
The bar charts (bottom) compare the accuracy of random guessing, human experts (n = 5), and the LDP Probe on
Lunar-QA and IOAA, highlighting the distinct difficulty levels and generalization challenges of these tasks.



C Extended Experimental Analysis

Efficient reasoning has recently become an ac-
tive research direction, to further evaluate the ef-
fectiveness of LDP, Table 2 reports results on
GSMSK (Cobbe et al., 2021), MATH (Hendrycks
et al., 2021), and AIME (Sun et al., 2025), com-
pared with representative reasoning-control base-
lines. The empirical results show that LDP im-
proves the accuracy—efficiency trade-off by reduc-
ing redundant reasoning while maintaining compet-
itive task performance, outperforming representa-
tive methods under the reported setting.

Optimization of Computational Efficiency. Ex-
isting redundancy reduction methods often fail to
balance reasoning depth with token sparsity. At
the 1.5B parameter scale, OverThink reduces gen-
eration length but causes accuracy on the challeng-
ing AIME benchmark to decline from 29.4% to
28.3%. Conversely, LDP Probe compresses the
average generation length to 3006 tokens, repre-
senting a 49.7% reduction compared to the original
chain-of-thought baseline, while increasing aver-

age accuracy to 66.5%. These metrics indicate that
LDP Probe eliminates invalid computational steps
without truncating necessary reasoning logic. In
the 7B parameter scale experiments, LDP Probe
outperforms the dynamic routing baseline TLMRE,
achieving an average accuracy of 79.2% compared
to 78.2% for TLMRE while reducing token con-
sumption from 4096 to 3426.

Reasoning Integrity on High-Complexity Tasks.
The AIME dataset requires high integrity of the
reasoning chain. Static pruning methods such as
DAST and O1-Pruner exhibit significant perfor-
mance degradation. For instance, the AIME ac-
curacy of DAST on the 1.5B model declines to
26.9%, suggesting the erroneous removal of criti-
cal intermediate derivation processes. LDP Probe
maintains robustness on AIME and achieves accu-
racies of 31.2% and 55.2% on 1.5B and 7B models
respectively. The data confirms that LDP Probe
adaptively allocates computational resources based
on difficulty, compressing generation length on ele-
mentary GSM8K while preserving complete long-
range reasoning capabilities for complex tasks.

Table 2: Performance evaluation on mathematical benchmarks. We report Top-1 accuracy (%) and average
generation length (tokens) for DeepSeek-R 1-Distill-Qwen backbones. Bold and underlined values denote the best
and second-best results, respectively. LDP Probe is trained on the DeepMath-103K dataset (He et al., 2025).

Method Accuracy? Length|

GSM8K MATH AIME AVG. | GSMS8K MATH AIME AVG.

DeepSeek-R1-Distill-Qwen-1.5B
Standardrhinking 79.0% 80.6% 29.4% 63.0% 978 4887 12073 5979
StandardnoThinking 69.8% 672% 14.0% 50.3% 280 658 2190 1043
DPOshorest (Rafailov et al., 2023) 783% 824% 30.7% 63.8% 804 3708 10794 5102
OverThink (Kumar et al., 2026) 772%  812% 283% 62.2% 709 4131 11269 5370
DAST (Shen et al., 2025) 772%  83.0% 269% 62.4% 586 2428 7745 3586
O1-Pruner (Luo et al., 2025) 74.8%  822% 289% 62.0% 458 3212 10361 4677
TLMRE (Arora and Zanette, 2025) | 80.7%  85.0% 29.2% 65.0% 863 3007 8982 4284
ModelMerging (Wu et al., 2025b) 79.7%  63.0% 18.1% 53.6% 603 2723 10337 4554
RFTwMixThinking (Ma et al., 2025) 76.0%  724% 252% 57.9% 1077 4341 11157 5525
LDP Probe (Ours) 813% 854% 31.2% 66.5% 431 1815 6810 3006
DeepSeek-R1-Distill-Qwen-7B

Standardrhinking 87.9%  90.2% 53.5% 77.2% 682 3674 10306 4887
StandardnoThinking 85.1%  80.6% 242% 63.3% 283 697 1929 970
DPOshorest (Rafailov et al., 2023) 85.7% 91.6% 52.5% 76.6% 402 2499 8699 3867
OverThink (Kumar et al., 2026) 86.3% 89.4% 53.1% 76.3% 426 2435 8744 3868
DAST (Shen et al., 2025) 86.7%  89.6% 45.6% T4.0% 459 2162 7578 3400
O1-Pruner (Luo et al., 2025) 87.6% 86.6% 492% T4.5% 428 2534 9719 4227
TLMRE (Arora and Zanette, 2025) | 889% 91.8% 54.0% 78.2% 756 2899 8633 4096
ModelMerging (Wu et al., 2025b) 88.4% 72.6% 369% 66.0% 531 2280 8624 3812
RFTwMixThinking (Ma et al., 2025) 86.2% 848% 49.4% T73.5% 365 2411 9969 4248
LDP Probe (Ours) 90.3% 921% 552% 79.2% 298 1876 8105 3426




D Theoretical Analysis of LDP

Let X = (x1,...,z7) denote the input prompt
and Y = (y1,...,yr) the generated reasoning tra-
jectory. The reasoning complexity is defined as a
deterministic functional C' = F(Y'). Given a rep-
resentation h derived from the model hidden states,
our objective is to characterize /(C; h).

Definition 1 (Causal State Update). Consider a
decoder-only Transformer with parameters 6. Due
to the causal attention mask, the hidden state at
position ¢ is a deterministic function of the prefix:

h; = f(x<4;6), t=1,...,T. (13)

Assumption 1 (Global Dependency). The reason-
ing complexity C' depends on the full semantic

content of the prompt X. Formally, for any ¢ < T,
I(C;CCt+1:T | CCSt) > 0. (14)

Lemma 1 (Prefix Independence). Foranyt < T,
the hidden state h, is conditionally independent of
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<¢. In the corresponding causal graph, h; is d-
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Proposition 1 (Sufficiency of hr). Conditioned
on model parameters 0, the terminal hidden state
hr is a sufficient statistic of X for the generation
of Y. In particular,

X —-hr—=Y —=C, (16)

and hence 1(C; X | hr,0) = 0.

Proof. In an autoregressive Transformer, the gen-
eration of Y is initialized from h7, and all sub-
sequent decoding states are computed recursively
from h7 and previously tokens. Therefore, con-
ditioned on 6, the distribution P(Y | X') depends
on X only through hy. Since C is a deterministic
function of Y, the stated sufficiency follows. [
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Figure 9: Representation linearity and localization. (a) R? scores across layers. (b) Activation norms by position.
(c) Linear vs. MLP probe comparison. (d) PCA projection of the complexity manifold.



By Lemma 1, ¢(X) cannot encode information
about the suffix x41.7. Under Assumption 1, this
suffix carries information relevant to C'.

Remark 1 (Mean Pooling). Mean pooling con-
structs hypean = % Zthl h; as a deterministic func-
tion of all hidden states. Although hyeqay includes
hr, the averaging operation may obscure the state
that directly initializes generation. Unless C' is
invariant to positional information, it follows that

a7

making hr the more principled representation.

I(C, hmean) < I(C, hT)7

We validate these claims using Qwen-2.5-7B,
LLaMA-3-8B, and Mistral-7B-v0.3 on GSM8K
and ARC-Challenge (Clark et al., 2018). Figure 9
(a) shows that R? scores increase progressively
through deeper layers. Panel (b) demonstrates that
activation norms concentrate at the terminal to-
ken position. Panel (c) compares linear probes
against MLP baselines, revealing that hp achieves
R? ~ 0.89 compared to R? ~ 0.91 for MLPs,
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Figure 10: LDP probe validation via activation steerin

suggesting that complexity information is largely
linearly separable. Panel (d) visualizes PCA pro-
jections, which form smooth continuous manifolds
aligned with reasoning step counts.

We next test whether hp plays a role in deter-
mining reasoning depth through activation steering
experiments. After identifying a complexity di-
rection w via linear regression, we intervene on
hidden states using h’, < hy + aw. Figure 10
(b,c) shows that reasoning length varies monoton-
ically with the steering coefficient «: positive in-
terventions extend the reasoning chain while nega-
tive interventions truncate it. Figure 10 (d) shows
that perplexity remains stable across the interven-
tion range « € [—5, 5], indicating that complexity
adjustments do not materially degrade linguistic
fluency. To ensure that hp captures semantic struc-
ture rather than surface token count, we evaluate
on length-controlled samples. We replicate the
steering experiments on LLaMA-3 and Mistral, ob-
serving consistent responses and stable perplexity.
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E Extended Discussion of LDP

E.1 Comparison with Current Methods

Difficulty entropy frameworks provide token-level
difficulty metrics (Xia et al., 2025). Task decom-
position pipelines, including Plan and Budget (Lin
et al., 2025) and Think_Budget (Han et al., 2025),
control computational overhead through localized
budgeting. DiffAdapt (Liu et al., 2025b) trains a
probe to detect difficulty entropy within hidden lay-
ers but operates solely as an inference-time router,
directing queries toward predefined decoding strate-
gies (including specific prompts, sampling temper-
atures, and token limits) without model retraining.
DIET (Chen et al., 2026) enforces difficulty-aware
length compression penalties during GRPO. How-
ever, the reported implementations are either not
open-sourced or rely on checkpoints, making direct
reproduction on our Lunar-R1 pipeline infeasible.
LDP differs across three dimensions. First, it
extracts difficulty signals linearly from terminal
hidden states h rather than from intermediate lay-
ers, building on findings that task difficulty main-
tains linear separability within latent representa-
tions (Lee et al., 2025). Second, it injects this
continuous difficulty signal into the GRPO reward
modeling pipeline, enabling the policy model to
learn adaptive reasoning allocation during training
instead of relying on static inference-time routing.
Third, LDP functions as an efficiency-driven bud-
get controller; its performance ceiling remains in-
herently dependent on base model capabilities. In
contrast, Test-Time Scaling (Zhang et al., 2025a)
achieve higher performance maxima but require
substantially greater token consumption.

E.2 Cross-Domain Generalization

We empirically quantify the zero-shot cross-
domain generalization capability of the LDP mech-
anism across three training configurations. Probel
is trained exclusively on Lunar-QA, Probe2 on
MATH, and Probe3 on the comprehensive MMLU
benchmark. We compute the Pearson correla-
tion (p) between each probe’s predicted difficulty
scores and expert-assigned difficulty labels. Table 3
presents the full correlation matrix. The results con-
firm the predictive validity of LDP across domains.
Probel achieves p = 0.63 on MATH, while Probe3
maintains robust performance across all evaluated
domains. However, inherent distributional dispar-
ities between lunar exploration missions and ab-
stract mathematics degrade zero-shot accuracy.

Table 3: Cross-domain generalization of LDP probes
measured via Pearson correlation (p). { denotes the
in-domain setting. Significance is evaluated using a
two-sided Pearson correlation test, and all reported cor-
relations satisfy p < 0.001.

Datasets Probel Probe2 Probe3
Lunar-QA  0.82f 0.68 0.79
Astro-QA 0.68 0.57 0.64
MATH 0.63 0.78" 0.73
GSMSK 0.72 0.841 0.79

E.3 Consistency with Human Adjudication

We benchmark LDP difficulty predictions against
domain expert assessments across six datasets
(please see Figure 8). The difficulty taxonomy en-
forces a tripartite classification into Easy, Medium,
and Hard tiers, establishing a random-guess base-
line of 33.3%. Empirical results show that LDP
consistently achieves parity with expert human
evaluations and surpasses them on high-difficulty
tasks within the IOAA benchmark. All correlation
metrics are statistically significant (p < 0.001).
These findings confirm that, after minimal training,
LDP can effectively substitute for human adjudica-
tion in complex difficulty estimation tasks.

E.4 Industrial Impact

As discussed in Related Work, applying LLMs
to space-related tasks remains a growing but still
niche trend. Although many recent studies are
viewed by the broader Al community as incremen-
tal, or primarily as extensions of existing meth-
ods to new domains, their practical value should
not be overlooked. Building on this perspective,
the development of Lunar-R1 for upcoming lunar
missions revealed several engineering challenges
during training and testing. These challenges un-
derscored the need for efficient reasoning in this
context, which motivated our integration of LDP
with GRPO reward modeling. Various countries
are actively preparing for the next phase of long-
term lunar exploration, and leading space agencies
including NASA, ESA, and CNSA are actively
exploring language models for edge applications.
Moreover, we have deliberately avoided overly nar-
row domain constraints, ensuring that our approach
remains broadly applicable. The proposed LDP
probe is conceptually straightforward, and together
with the standard CPT/SFT/RL training pipeline, it
follows an industry-standard practice.



F Data Integrity Validation

F.1 Recursive Bias Analysis

Lunar-QA was developed in collaboration with
five experts from the National Space Administra-
tion, with its design aligned with the operational
requirements of the upcoming International Lunar
Research Station (ILRS) mission. Each sample was
manually annotated with both a difficulty level and
a task domain. The difficulty levels (easy, medium,
and hard) correspond to progressively complex
reasoning demands, and each instance underwent
several rounds of standardized expert cross-review
(TIAA > 0.92). The task domain is confined to five
core scenarios: collaboration, navigation, energy,
collection, and communication.

We restrict synthetic data to the SFT and RL
stages of Lunar-R1. Continued pre-training (CPT)
directly ingests lunar-domain corpora without struc-
tured question-answer formatting. Meanwhile,
Lunar-QA was independently constructed from
held-out materials by the same expert panel, fol-
lowing an MMLU-style format and excluding all
synthetic generation. In fact, synthetic data are
widely used in domain-specific NLP to circumvent
costly manual annotation, a common practice in
fields such as medicine and scientific reasoning.
However, they risk introducing template-level reg-
ularity and recursive distributional drift.

To quantify this, we compare 2,000 generated in-
stances against 2,000 expert-authored seeds across
three metrics: KL divergence (lexical shift), Self-
BLEU (textual diversity), and embedding similarity
(semantic alignment). Results are reported in Ta-
ble 4. The augmented dataset exhibits minimal KL
divergence (from 0.01 to 0.04), maintains stable
diversity with Self-BLEU scores ranging from 0.78
to 0.83, and achieves high semantic consistency
with an embedding similarity of 0.91. These re-
sults confirm that the generation pipeline preserves
the structural integrity of the expert seeds and ef-
fectively mitigates recursive bias.

Table 4: Distributional feature validation comparing
expert-authored seeds and augmented samples.

Metric Human Augmented
KL Divergence 0.01 0.04
Self-BLEU 0.78 0.83
Similarity 0.97 0.91

F.2 Contamination Risk Analysis

To confirm the absence of leakage, we used the
open-source audit toolkit described by Li et al.
(2024) to examine all datasets items. In fact,
lunar-specific data are scarce in open-source cor-
pora. Common pre-training sources (COMMON
CRAWL (Patel, 2020), THE PILE (Gao et al., 2020),
C4 (Zhu et al., 2023), GitHub (Cosentino et al.,
2016), and Wikipedia (Guo et al., 2020)) and bench-
marks like MMLU contain few related queries,
whereas Lunar-QA is drawn from authentic mis-
sion, training logs, and public archives. Scanning
the five corpora in Table 5, we flagged 42 poten-
tial overlaps (0.84% of 5,000 items), all confirmed
manually to be domain-standard terminology or
public parameters. No actual contamination was
found, giving a final leakage rate of 0.0%.

Table 5: Contamination verification results.

Corpus Flagged Verified
Common Crawl 7 0
The Pile 4 0
Cc4 5 0
MMLU 11 0
Wikipedia 15 0
Total 42 0

G Future Work

Recent studies, including Lunar-Twins (Xiao et al.,
2025) and Space-LlaVA (Foutter et al., 2024), have
advanced the application of LLMs in space mis-
sions. However, these projects are still insufficient
to support comprehensive end-user deployment and
intelligent human-machine collaboration. From the
current perspective, model deployment for space
exploration that relies solely on VLM remains ex-
tremely challenging because applicable multimodal
training data is scarce. We are actively addressing
this gap by leveraging UES and Unity to build high-
fidelity lunar environments. This ongoing project
aims to collect embodied data and train VLA and
VLN models for the digital twin simulation of real
environments (Ding et al., 2024). Additionally,
NLP remains an important part of human-machine
interaction in lunar exploration missions. End-to-
end autonomous navigation or real-time obstacle
avoidance based on visual SLAM is one of the
directions under simultaneous development.



Scenario: During the powered descent phase of a lunar lander targeting the Shackleton Crater rim, the optical navigation
system captures a surface image at an altitude of 2000 m. The Hazard Detection and Avoidance (HDA) module processes the
visual data to select a safe landing target. The field of view contains four potential sites. Site A is located at the center of a
small impact crater. Site B lies within a permanently shadowed region with zero illumination. Site C is a regolith area
populated with boulders approximately 1.5 m in diameter. Site D is a plateau region with a calculated slope of 3° and high
solar illumination. The landing gear is designed to withstand a maximum slope of 10° and obstacle heights of 0.5 m. Which

site minimizes the risk of mechanical failure?

Options (A) Site A (B) Site B (C) Site C (D) Site D

Ground-truth Answer: Site D

Sample from [Lunar-QA]

DeepSeek-distilled Qwen

Uncertain Reasoning

I need to check the safety of each site.
Site A is a crater. [ am not sure if the
ground inside is flat enough.
Sometimes craters have steep walls, so
maybe it is dangerous. Site B is in a
shadow. Shadows make it hard for the
camera to see. I do not know if the
sensors can work in the dark. It might
be risky. Site C has boulders. The text
says they are 1.5 m. This seems too big
for the lander. Site D has a slope of 3
degrees. I guess this is safe because 3
is small. I am a bit confused about the
shadow at Site B, but Site D looks like
the best option. Probably the answer
is Site D.

Qwen3-14B
Inaccurate Knowledge

Let us analyze the sites. Site A is a
crater. Craters are the best landing
sites because the walls protect the
lander from lunar wind. Site B is in
shadow. Shadows are good because
they prevent the solar panels from
overheating:. Site C has 1.5 m
boulders. These boulders provide a
strong foundation for the landing
legs to grip. Site D is a flat slope. Flat
terrain is bad for stability because
the lander might glide  away.
Therefore, the safest option is Site A
or Site C. [ am confident that Site C is
the correct answer.

Lunar-R1(Ours)
Accurate Reasoning

1. The safety constraints require a
slope < 10 degrees and an obstacle
height < 0.5 m. 2. Site A is rejected
because the interior of a crater
presents unknown topography and
potential trap risks. 3. Site B is
rejected due to zero illumination,
which causes the optical navigation
system to fail. 4. Site C is rejected
because the 1.5 m boulder diameter
exceeds the 0.5 m clearance limit. 5.
Site D is selected because the 3-
degree slope is well within the 10-
degree safety margin.

Site D is the only target that satisfies
all engineering constraints.

Figure 11: Qualitative case study on the Lunar-QA benchmark. DeepSeek-R1-distilled-Qwen-14B manifests
reasoning uncertainty and fails to reject hazardous sites explicitly. Qwen3-14B exhibits knowledge hallucinations
regarding lunar environmental physics such as wind protection. Lunar-R1 accurately derives the correct decision by
sequentially validating slope and obstacle parameters against mechanical limits.



Table 6: LLM-as-a-Judge Prompt for Preference Evaluation

System prompt

Please act as an impartial judge and evaluate the quality of the responses provided by two Al assistants
to the user question displayed below. You should choose the assistant that follows the user’s instructions
and answers the user’s question better. Your evaluation should consider factors such as scientific
accuracy, reasoning depth, and safety protocol adherence.

Begin your evaluation by comparing the two responses and provide a short explanation. Avoid any
position biases and ensure that the order in which the responses were presented does not influence your
decision. Do not allow the length of the responses to influence your evaluation. Be as objective as
possible.

After providing your explanation, output your final verdict by strictly following this format: "[[A]]" if
assistant A is better, "[[B]]" if assistant B is better, and "[[C]]" for a tie.

User Prompt

<IThe Start of Assistant A’s Conversation with Userl>
### User:

{QUESTION_1}

### Assistant A:

{ANSWER_OF_MODEL_A}

<|IThe End of Assistant A’s Conversation with Userl>

<|The Start of Assistant B’s Conversation with Userl>
### User:

{QUESTION_1}

### Assistant B:

{ANSWER_OF_MODEL_B}

<IThe End of Assistant B’s Conversation with User|>

Table 7: System Prompt for Lunar-R1 Inference and GRPO Training

System prompt

You are Lunar-R1, an advanced Al assistant specialized in lunar science and mission operations. Your
knowledge is grounded in peer-reviewed planetary science literature and official mission logs.
Response Format Constraints:

1. You must begin every response with a <think>...</think> block.

2. Inside the thinking block, explicitly assess task complexity.

3. Conclude with the final answer enclosed in <answer>. . .</answer>.

4. Do not execute or endorse kinetic commands without safety verification.

Tone and Safety Guidelines:

- Maintain scientific rigor and objectivity.

- Use SI units for all physical quantities.

- If required data is unavailable, explicitly state Data not available.

User prompt

{USER_QUERY }




