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Abstract001

Due to the limited generalization and inter-002
pretability of deep learning classifiers, The final003
vetting of rare celestial object candidates still004
relies on expert visual inspection—a manually005
intensive process. In this process, astronomers006
leverage specialized tools to analyze spectra007
and construct reliable catalogs. However, this008
practice has become the primary bottleneck, as009
it is fundamentally incapable of scaling with010
the data deluge from modern spectroscopic sur-011
veys. To bridge this gap, we propose Spec-012
o3, a tool-augmented vision-language agent013
that performs astronomer-aligned spectral in-014
spection via interleaved multimodal chain-of-015
thought reasoning. Spec-o3 is trained with a016
two-stage post-training recipe: cold-start super-017
vised fine-tuning on expert inspection trajecto-018
ries followed by outcome-based reinforcement019
learning on rare-type verification tasks. Evalu-020
ated on five rare-object identification tasks from021
LAMOST, Spec-o3 establishes a new State-of-022
the-Art, boosting the macro-F1 score from 28.3023
to 76.5 with a 7B parameter base model and out-024
performing both proprietary VLMs and special-025
ized deep models. Crucially, the agent demon-026
strates strong generalization to unseen inspec-027
tion tasks across survey shifts (from LAMOST028
to SDSS/DESI). Expert evaluations confirm029
that its reasoning traces are coherent and phys-030
ically consistent, supporting transparent and031
trustworthy decision-making. Data and models032
are available. Code will be released.033

1 Introduction034

Detecting rare celestial objects and establishing035

catalogs for them is one of the core objectives036

of many large-scale spectroscopic surveys (York037

et al., 2000; Cui et al., 2012; Aghamousa et al.,038

2016), as these long-tail objects are instrumen-039

tal in deepening and refining our understanding040

of astrophysical theories. In practice, developing041

such catalogs generally involves a two-stage pro-042

cess that combines automated candidate screening043

(b)

(a)

Figure 1: (a) Astronomers’ visual inspection work-
flow. Astronomers visualize the raw numerical arrays
to assess global morphology, then iteratively zoom into
specific wavelength regions to examine fine-grained
features for the final decision. (b) Performance com-
parison. Spec-o3 achieves state-of-the-art performance
and good generalization across all datasets.

with expert vetting (Tan et al., 2025; Kong and Luo, 044

2021; Inight et al., 2025). Deep learning algorithms 045

can scale the screening stage over massive spectral 046

archives (Lanusse et al., 2023), but the final vet- 047

ting stage still relies on manual visual inspection 048

to filter subtle contaminants and instrumental ar- 049

tifacts and ensure catalog reliability (Kim et al., 050

2024; Borra, 2015; Lan et al., 2023). However, the 051

vetting stage is difficult to scale. For instance, build- 052

ing a cataclysmic variable catalog from LAMOST 053

survey required experts to visually inspect about 054
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<think> Analysis of the Hα zoom: Clear emission features are visible with 
prominent shoulders extending beyond ±25 Å (6540–6580 Å), suggesting 
high-velocity disk kinematics and possibly double-peaked structure. Next 
step: Examine the Hβ region (4800–4920 Å) for strong, broad emission 
lines.</think>

{"label": "Zoom on the Hβ region", "wavelength_range": [4800, 4920]}

<think> Overview analysis: The spectrum needs to be analyzed ... Key 
indicators include ... Hypothesis/Plan for first zoom: Begin by examining 
the Hα region (6500–6600 Å) for broad emission lines.</think> 

{"label": "Zoom on the Hα region", "wavelength_range": [6500, 6600]}

Analyze the provided spectrum to 
determine if it is a "Cataclysmic Variables 
(CV)".
Key indicators of CV:
• State 1: xxxxx
• State 2: xxxxx

<think> Analysis of the Hβ zoom: The zoom reveals broad emission 
wings extending several tens of Å around ~4861 Å, consistent with 
strong, rapidly moving gas. Qualitative assessment: … implying disk 
kinematics competent with velocities tens to hundreds of km/s. Decision: 
Sufficient evidence points toward a quiescent/Low-State CV.</think> 

<answer> \boxed{YES}  Strong, very broad Hydrogen Balmer emission 
lines are present … suggestive of high-velocity gas in a rotating 
accretion disk (FWHM > 1000 km/s). We also observe wide emission 
structures in Hβ (4861 Å), reinforcing an accretion-disk-dominated 
environment. Traditionally considered as "CV Low State," where ... 
</answer>

Invoke tool

Invoke tool

Figure 2: An illustration of Spec-o3’s Interleaved Mul-
timodal Chain-of-Thought. The agent iteratively alter-
nates between textual reasoning (<think>. . . </think>)
and fine-grained visual evidence from tool-rendered
zoomed spectrum plots. Red JSON shows the tool calls.
The final decision is in <answer>...</answer>.

170k candidates screened from roughly 10 million055

archived spectra, ultimately confirming only 323056

objects (Sun et al., 2021). With the exponential057

data growth of next-generation surveys, candidate058

volumes will continue to surge (Fulmer et al., 2023;059

Vincent et al., 2023; Li et al., 2024b), making man-060

ual inspection a major bottleneck in modern astron-061

omy (Fluke et al., 2020, 2023).062

A key reason why manual inspection is still re-063

quired is that deep learning models typically pro-064

duce opaque probability scores and exhibit lim-065

ited out-of-distribution generalization, which un-066

dermines expert trust (Lieu, 2025; Wetzel et al.,067

2025). Although post-hoc methods such as Grad-068

CAM (Selvaraju et al., 2017), Integrated Gradients069

(Sundararajan et al., 2017), LIME (Ribeiro et al.,070

2016), and SHAP (Lundberg and Lee, 2017) offer071

some interpretability, they mainly produce coarse 072

feature attributions. Such noisy explanations often 073

cannot be reliably mapped onto astrophysical struc- 074

tures (Stoppa et al., 2025; Lieu, 2025), rendering 075

them insufficient to substitute for expert inspection. 076

We observe that real-world inspection is a “think- 077

with-spectral-image” process as illustrated in Fig- 078

ure 1(a). Astronomers typically rely on software 079

to visualize spectra stored as numerical arrays, 080

whereby they form an initial judgment from the 081

global morphology and subsequently iteratively 082

zoom into task-relevant wavelength regions to ver- 083

ify local details. Finally, they make a vetting deci- 084

sion on whether to include the candidate in the cata- 085

log. The software details are provided in Appendix 086

A. This raises a key question: Can we design an 087

expert-trusted and highly generalized vetting 088

agent to inspect spectra like Astronomers? 089

Aligning models with the iterative expert work- 090

flow may improve acceptance of automated vetting. 091

Vision-Language Models (VLMs) have shown 092

promise in generating expert-level explanations 093

for transient imaging classification (Stoppa et al., 094

2025). Building on this insight, a natural direc- 095

tion is to augment VLMs with a spectral visual- 096

ization tool (see Appendix B for details), so that 097

they can inspect spectra like Astronomers in the 098

vetting stage. However, even advanced think-with- 099

image models such as o3 (OpenAI, 2025c) perform 100

poorly on this task (Figure 1(b)), failing to consis- 101

tently distinguish subtle spectral-shape differences. 102

While task-specific fine-tuning is a natural remedy, 103

it is often impractical because it requires a large 104

amount of fully annotated expert trajectory data. 105

To overcome these limitations, we introduce 106

Spec-o3, a tool-augmented agent for rare celes- 107

tial object candidate vetting via automated spectral 108

inspection. Spec-o3 follows an Interleaved Multi- 109

modal Chain-of-Thought (iMCoT) trajectory (Fig- 110

ure 2), alternating between textual reasoning and 111

fine-grained visual evidence from tool-rendered 112

zoomed spectral views before producing a final vet- 113

ting decision. It adopts a two-stage post-training 114

strategy that cold-starts with a small set of expert 115

trajectories and then scales via outcome-based re- 116

inforcement learning. 117

Our main contributions are as follows: 118

• We propose Spec-o3, the first tool-augmented 119

VLM-based agent that inspects spectra like 120

Astronomers for rare celestial object vetting. 121

• We propose a two-stage post-training ap- 122
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proach for spectral inspection. We curate123

a high-quality astronomy iMCoT dataset to124

provide a reliable cold-start Supervised Fine-125

tuning (SFT). Outcome-based reinforcement126

learning (RL) then improves tool usage and127

think-with-spectral-image inspection.128

• We build a standardized benchmark for rare-129

object candidate vetting based on public LAM-130

OST, SDSS, and DESI spectra, and we demon-131

strate strong generalization and reliability of132

Spec-o3.133

2 Related Works134

2.1 Cataloging Rare Celestial Objects135

Research on rare celestial object cataloging can be136

broadly grouped into screening and vetting. Ma-137

chine learning and deep learning are now standard138

for screening and can retrieve rare-object candi-139

dates at archive scale (He et al., 2024; Zhang et al.,140

2025a; Inight et al., 2025; Tan et al., 2025; Fang141

et al., 2025). Yet vetting still relies on expert vi-142

sual inspection as the final quality-control gate,143

filtering artifacts and false positives while provid-144

ing high-fidelity labels for downstream use (Lan145

et al., 2023; Alexander et al., 2023; Rojas et al.,146

2023). Prior works therefore focus on software147

and interfaces that streamline manual inspection to148

help experts surface key evidence and standardize149

vetting workflows (Juneau et al., 2024; Landriau150

et al., 2025), such as MARZ (Hinton et al., 2016),151

ASERA (Yuan et al., 2016), SpectrumVA (Li et al.,152

2024b) and Prospect (Ratajczak et al., 2025; Juneau153

et al., 2025). However, the literature still lacks end-154

to-end methods that automate expert vetting with155

an auditable, workflow-aligned inspection process.156

2.2 Multimodal Large Language Models157

Recent years have seen rapid advances in multi-158

modal large language models (MLLMs). Early159

approaches typically paired pretrained vision en-160

coders with LLMs using lightweight adapters or161

projection modules, enabling basic cross-modal162

alignment and simple multimodal reasoning (Liu163

et al., 2023; Li et al., 2023; Bai et al., 2023; Liu164

et al., 2024; Chen et al., 2024; Tu et al., 2025). As165

research progressed, models such as Qwen2.5-VL166

(Bai et al., 2025b), LLaVA-OneVision (Li et al.,167

2024a) and InternVL3 (Zhu et al., 2025) scaled up168

both data and model capacity, leading to substan-169

tial improvements on several tasks. More recent170

OmniMLLM systems (Fu et al., 2024; Hong et al.,171

2025a; Li et al., 2025; Zhao et al., 2025a) further 172

extend the range of supported modalities, jointly 173

processing images, video, speech, and other signals 174

within a unified framework. Nevertheless, these 175

models are still largely used as passive perception 176

engines that map multimodal inputs to textual re- 177

sponses, and seldom engage in domain-specific, 178

tool-augmented analysis of scientific data. 179

2.3 Think with Image 180

The think-with-image paradigm, presented first 181

by o3 (OpenAI, 2025c), has inspired a series of 182

open-source efforts to reproduce and extend tool- 183

augmented visual reasoning. GRIT (Fan et al., 184

2025) and Pixel Reasoner (Wang et al., 2025) 185

explicitly integrate visual information to achieve 186

a more precise visual focus. VLM-R3 (Jiang 187

et al., 2025), Chain-of-Focus (Zhang et al., 2025b) 188

and Mini-o3 (Lai et al., 2025) employ two-stage 189

training pipelines to enhance tool-use capabili- 190

ties. DeepEyes (Zheng et al., 2025) explores the 191

use of reinforcement learning alone to enhance 192

the model’s ability to think with images. To im- 193

prove generality, PyVision (Zhao et al., 2025b) and 194

Thyme (Zhang et al., 2025c) introduce the execu- 195

tion of programmatic code into the visual reasoning 196

loop, allowing flexible manipulation of visual oper- 197

ations. DeepEyes-v2 (Hong et al., 2025b) further 198

extends the tool set by searching, enabling models 199

to retrieve external knowledge. Yet their core inter- 200

action is pixel-level image editing, whereas spectral 201

inspection requires repeatedly re-rendering local 202

wavelength views from numerical spectra, which 203

prevents a direct transfer. 204

3 Method 205

3.1 Spec-o3 206

Spec-o3 is a tool-augmented multimodal agent that 207

performs “think-with-spectral-image” inspection. 208

It is built upon Qwen2.5-VL (Bai et al., 2025b) 209

and trained through a two-stage post-training pro- 210

cedure, combining cold-start (Section 3.2) with 211

agentic reinforcement learning (Section 3.3). 212

As illustrated in Figure 3, Spec-o3 follows an 213

iMCoT trajectory, alternating between textual rea- 214

soning and tool-generated spectral images. Spec- 215

o3 takes as input a text prompt T0 and an initial 216

visualization I0 rendered from the original spec- 217

tral array. Here, T0 includes a discriminative query 218

about whether the spectrum matches the target cat- 219

egory, along with an expert-written summary of its 220
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Figure 3: Overview of the Spec-o3 framework. Given a prompt T0 and an initial view I0, the VLM generates an
iMCoT trajectory in which text reasoning blocks Tn are interleaved with tool-generated images parameterized by
wavelength interval ∆λ and optional label ln, until the final text output TN is produced. The VLM is cold-start
initialized and optimized with GRPO.

diagnostic features and common contaminants.221

To formalize the iterative reasoning process, we222

define the state st of iMCoT at step t as follows:223

st =
{
(Ik, Tk)

}t

k=0
= {I≤t, T≤t}, (1)224

where I≤t = {I0, I1, . . . , It} denotes the set of225

rendered spectral visualizations observed so far,226

and T≤t = {T0, T1, . . . , Tt} represents the corre-227

sponding textual tokens. Given the current state228

st, the action at ∼ πθ(a | st) is drawn from the229

policy πθ. Specifically, Spec-o3 autonomously de-230

termines whether to directly output a final answer231

or to use the spectral visualization tool Toolt to ac-232

quire more fine-grained evidence from wavelength233

regions of interest. Here, Toolt denotes the tool234

invocation at step t, whose input is a wavelength235

interval ∆λt = (λmin
t , λmax

t ) accompanied by an236

optional textual label lt for the queried diagnos-237

tic region. Upon successful execution, the tool238

returns a localized re-rendering It+1 restricted to239

∆λt, which is appended to the state as the next ob-240

servation. This interaction repeats until the model241

outputs the final text block TN containing the an-242

swer, or reaches a preset limit on tool invocations.243

The resulting iMCoT trajectory can be written as244

τ =
(
T0, I0, T1, I1, T2, I2, . . . , TN

)
. (2)245

3.2 Cold Start246

To initiate the cold start phase, we sample spectra247

for the five tasks, including Cataclysmic Variables248

(CV), Carbon Stars (CS), S-type Stars (SS), M-type 249

Giants (MG), and White Dwarfs (WD), from the 250

corresponding LAMOST official catalogs1. We ad- 251

ditionally sample spectra from several confusing 252

types selected by astronomers based on domain 253

experience. After filtering all sampled spectra by 254

Signal-to-Noise Ratio (SNR) > 10, we obtain an 255

initial pool of approximately 4k spectra for trajec- 256

tory construction. 257

Astronomers first formulate simplified inspec- 258

tion guidelines for each task, specifying key spec- 259

tral features and typical contamination patterns. We 260

then prompt GPT-5 (OpenAI, 2025b) with these 261

guidelines and ground-truth labels, enabling it to 262

invoke spectral visualization tool to generate ini- 263

tial reasoning trajectories. Astronomers first screen 264

these drafts and discard trajectories that are evi- 265

dently implausible. For each remaining draft, one 266

astronomer performs a focused revision by cor- 267

recting tool arguments and rewriting the accom- 268

panying analysis to ensure that each claim is sup- 269

ported by the rendered evidence. Two additional 270

astronomers then independently audit the revised 271

trajectory against the same guidelines. If either au- 272

ditor requests changes, the trajectory is returned for 273

revision and re-audited until all three experts ap- 274

prove it. The expert-approved trajectories are then 275

standardized by GPT-5 into iMCoT-formatted rea- 276

soning traces optimized for learning. After rewrit- 277

1https://www.lamost.org/dr11/v2.0/catalogue
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ing, the three astronomers jointly perform a final278

acceptance vote on each CoT sequence to confirm279

its fidelity to the validated tool actions and evidence280

statements. CoT sequences that fail this final vote281

are discarded. After this process, we compile a282

cold start dataset of approximately 1k high-quality283

trajectories.284

Subsequently, we performed SFT on Qwen2.5-285

VL (Bai et al., 2025b). To prevent the model from286

memorizing tool outputs, we applied a token-level287

loss mask to the tool returns. This strategy encour-288

ages the model to learn tool invocation and inter-289

pretation methodologies rather than memorizing290

specific visualization results.291

3.3 Agentic Reinforcement Learning292

The cold start phase injects basic expert priors and293

enables stable tool use. However, performance is294

still constrained by the scarcity of full expert tra-295

jectories, especially in noisy and heavily contam-296

inated cases. We therefore apply outcome-based297

reinforcement learning after cold start, using rela-298

tively abundant label-only data to further improve299

performance.300

Optimization As illustrated in Figure 3, we uti-301

lize Group Relative Policy Optimization (GRPO)302

(Shao et al., 2024) for reinforcement learning. Con-303

sistent with the cold start phase, to prevent tool304

outputs from interfering with the training objective,305

we apply a token-wise loss mask to all response306

tokens of tool, effectively excluding them from the307

loss computation.308

Reward Design In the agentic reinforcement309

learning phase, we use a rule-based outcome re-310

ward to evaluate each trajectory, following Guo311

et al. (2025). The reward prioritizes final prediction312

accuracy and enforces output-format constraints.313

Since tool use is already reliable after cold start,314

we do not add an explicit tool-usage reward term as315

in Zheng et al. (2025). Given a reasoning trajectory316

τ , the reward function is defined as:317

r(τ) =


1, if opred = ogold ∧ ffmt(y),

1− α, if opred = ogold ∧ ¬ffmt(y),

0, if opred ̸= ogold ∧ ffmt(y),

−α, if opred ̸= ogold ∧ ¬ffmt(y),
(3)318

where opred and ogold are the predicted and ground-319

truth labels, ffmt(y) indicates whether the response320

y satisfies the required formatting constraints, and321

α controls the penalty for format violations.322

4 Experiments 323

4.1 SpecVI-Bench 324

Most existing spectral datasets are designed for 325

the candidate screening stage and therefore use 326

stratified sampling to construct negative examples 327

(Tan et al., 2025; He et al., 2024; Tan et al., 2022). 328

These negatives do not reflect the vetting stage, 329

in which contaminants can closely resemble the 330

true targets. To evaluate and train models under 331

this high-confusion vetting setting, we construct 332

SpecVI-Bench. 333

SpecVI-Bench comprises the same five rare- 334

object categories as in the cold-start phase, each 335

formulated as an independent inspection task. For 336

each task, positive samples are taken from the cor- 337

responding official catalogs. To approximate the 338

inspection stage, we construct hard negatives us- 339

ing a rejection-sampling procedure. Specifically, 340

for each task we train a weak classifier and then 341

sample spectra from the full LAMOST archive, 342

retaining only sources that are not listed in the cor- 343

responding official catalogs and whose predicted 344

positive probability exceeds 0.8. On average, the 345

rejection-sampling acceptance rate is 1.74%. We fi- 346

nally create approximately balanced training splits 347

and deliberately imbalanced test splits to reflect 348

the rarity of true targets in practice. To avoid con- 349

tamination between training demonstrations and 350

evaluation, we ensure that spectra used for cold- 351

start trajectory construction are excluded from the 352

SpecVI-Bench test split. The detailed statistics are 353

provided in the Appendix C. 354

4.2 Experimental Setup 355

Datasets We evaluate on three datasets. SpecVI- 356

Bench is the main benchmark. We further test gen- 357

eralization on (i) a Cross-Survey set from SDSS 358

and DESI, which tests robustness to survey-specific 359

instrumental differences, and (ii) a Cross-Task 360

set with unseen target categories, which evaluates 361

transfer to new inspection tasks. Introduction of the 362

surveys is provided in Appendix D, and detailed 363

dataset statistics are reported in Appendix E. 364

Baselines We benchmark Spec-o3 against three 365

distinct categories of baselines: (1) Specialist Deep 366

Learning Models, where we adapted and fine-tuned 367

CarbonNet (He et al., 2024), GaiaNet (Ye et al., 368

2025) (task-specific architectures), and AstroCLIP 369

(Parker et al., 2024) (a large-scale pre-trained spec- 370

tral foundation model) on the SpecVI-Bench train- 371
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Table 1: Main results on SpecVI-Bench across five tasks: Cataclysmic Variables (CV), Carbon Stars (CS), S-type
Stars (SS), M-type Giants (MG), and White Dwarfs (WD). We report Accuracy (Acc) and F1 for each task and their
macro-average. All Qwen-VL baselines use the Instruct variants. Spec-o3 is trained from Qwen2.5-VL. Best and
second-best results are in bold and underlined, respectively.

Model CV CS SS MG WD Average

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

Specialist Deep Learning Models
CarbonNet (He et al., 2024) 92.7 76.6 95.2 87.5 85.7 64.4 83.1 52.0 61.8 40.8 83.7 64.3
AstroCLIP (Parker et al., 2024) 92.4 74.7 94.0 84.1 88.7 62.4 80.5 52.3 80.9 48.8 87.3 64.5
GaiaNet (Ye et al., 2025) 91.1 67.2 95.4 87.1 89.4 70.3 85.5 51.8 83.8 48.2 89.0 64.9

Proprietary VLMs
GPT-4.1 (OpenAI, 2025a) 57.9 27.7 51.9 31.7 60.2 36.1 20.6 29.2 52.3 24.4 48.6 29.8
o3 (OpenAI, 2025c) 88.8 57.1 87.1 53.1 88.1 53.3 81.7 60.0 81.9 37.8 85.5 52.3

Open-source VLMs
Qwen2.5-VL-3B (Bai et al., 2025b) 30.6 25.8 25.3 20.0 19.0 26.9 17.8 28.7 48.2 28.6 28.2 26.1
Qwen2.5-VL-7B (Bai et al., 2025b) 28.4 25.4 59.8 31.5 19.4 27.3 19.7 29.0 25.8 28.1 30.6 28.3
Qwen3-VL-8B (Bai et al., 2025a) 39.7 33.6 29.8 27.0 29.4 28.4 22.9 27.3 52.9 19.7 34.9 27.2
Qwen3-VL-30B-A3B (Bai et al., 2025a) 22.9 31.3 19.8 29.5 17.5 26.3 35.1 27.4 65.3 34.4 32.1 29.8

Ours
Spec-o3-3B 92.0 80.7 88.0 75.9 92.6 84.0 93.0 82.7 78.5 43.2 88.8 73.3

∆ vs Qwen2.5-VL-3B +61.4 +54.9 +62.7 +55.9 +73.6 +57.1 +75.2 +54.0 +30.3 +14.6 +60.6 +47.2

Spec-o3-7B 93.1 81.0 92.5 80.2 94.2 84.5 90.6 83.4 73.2 53.6 88.7 76.5
∆ vs Qwen2.5-VL-7B +64.7 +55.6 +32.7 +48.7 +74.8 +57.2 +70.9 +54.4 +47.4 +25.5 +58.1 +48.2

ing split; (2) Proprietary VLMs, including GPT-372

4.1 (OpenAI, 2025a) and o3 (OpenAI, 2025c);373

(3) Open-Source VLMs, covering Qwen2.5-VL374

(Bai et al., 2025b) (base models for Spec-o3) and375

Qwen3-VL (Bai et al., 2025a). All VLM base-376

lines utilize the same spectral visualization tool377

and prompt as Spec-o3 for fair comparison.378

Metrics We report Acc and positive-class F1 for379

each task, with macro-averages across tasks. Tests380

are imbalanced, so F1 is primary and Acc is com-381

plementary. For VLMs, we require the final deci-382

sion to be \boxed{YES} or \boxed{NO}, and we383

compute metrics by exact matching of this output.384

Training Details We use Qwen2.5-VL-3B and385

Qwen2.5-VL-7B as our base models. The train-386

ing phase is conducted using 8 × NVIDIA H100387

GPUs. The RL stages employ GRPO framework388

with 8 rollouts per question, limiting the maximum389

number of tool calls to 8 per trajectory. Further390

analysis of the training dynamics and convergence391

behavior is provided in Appendix F.392

4.3 Main Results393

Table 1 reports the in-distribution results on the394

SpecVI-Bench. Spec-o3 achieves state-of-the-395

art macro-average performance across five tasks.396

Notably, Spec-o3-7B attains a macro-average F1 397

score of 76.5%, which surpasses the proprietary o3 398

model (52.3%) and its base model Qwen2.5-VL- 399

7B (28.3%) by a substantial margin. Our two-stage 400

post-training strategy delivers pronounced perfor- 401

mance gains, elevating the macro-average F1 score 402

from 26.1% to 73.3% (+47.2%) for the 3B model 403

and from 28.3% to 76.5% (+48.2%) for the 7B 404

model. These substantial improvements underscore 405

the effectiveness of our framework in bridging the 406

reasoning gap for spectral visual inspection. 407

Spec-o3 also outperforms specialist deep learn- 408

ing baselines fine-tuned on training split of SpecVI- 409

Bench. While GaiaNet attains a similar average 410

accuracy (89.0%), its macro-average F1 (64.9%) is 411

notably lower than Spec-o3-7B (76.5%), indicat- 412

ing a better precision-recall balance on imbalanced 413

dataset. These results position Spec-o3 as a reliable 414

autonomous agent for the spectral inspection, with 415

the additional benefit of interpretable trajectories. 416

4.4 Generalization Evaluation 417

Cross-survey Generalization We evaluate zero- 418

shot performance on the Cross-Survey set from 419

SDSS and DESI without any adaptation (Table 420

2). Specialist deep learning models show strong 421
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Table 2: Performance on unseen surveys. We report F1 for CV, CS, and MG because SS and WD do not have
sufficient samples. The LAMOST column is the training-survey reference, averaged over the same task subset on
SpecVI-Bench. Best and second-best results are in bold and underlined.

Model SDSS DESI LAMOST

CV CS MG Avg CV CS MG Avg Avg

Specialist Deep Learning Models
CarbonNet (He et al., 2024) 49.8 66.5 46.9 54.4 49.6 64.1 58.2 57.3 72.0
AstroCLIP (Parker et al., 2024) 53.9 64.1 46.4 54.8 48.3 53.9 50.8 51.0 70.4
GaiaNet (Ye et al., 2025) 58.5 67.1 41.3 55.6 48.3 53.8 43.7 48.6 68.7

Proprietary VLMs
GPT-4.1 (OpenAI, 2025a) 29.4 33.4 28.8 30.5 28.9 34.4 31.8 31.7 29.5
o3 (OpenAI, 2025c) 59.8 54.3 57.1 57.1 60.2 51.4 56.8 56.1 56.7

Open-source VLMs
Qwen2.5-VL-3B (Bai et al., 2025b) 22.6 25.3 25.4 24.4 23.3 30.8 23.1 25.7 24.8
Qwen2.5-VL-7B (Bai et al., 2025b) 26.7 25.9 27.2 26.6 25.9 33.7 30.6 30.1 28.6
Qwen3-VL-8B (Bai et al., 2025a) 30.9 26.9 29.8 29.2 33.8 23.9 30.4 29.4 29.3
Qwen3-VL-30B-A3B (Bai et al., 2025a) 32.1 34.4 29.8 32.1 31.5 31.1 30.2 30.9 29.4

Ours
Spec-o3-3B 79.3 76.4 76.3 77.3 76.1 70.1 74.5 73.6 79.8
Spec-o3-7B 84.9 79.8 78.5 81.1 82.6 72.8 76.7 77.4 81.5

Table 3: Performance on the Cross-Task testset with
unseen types (O, B, A), with F1 reported. Deep learning
baselines are omitted because they lack this cross-task
transfer capability, and best/second-best are in bold and
underlined.

Model O B A Average

GPT-4.1 32.2 34.1 33.0 33.1
o3 57.6 64.2 60.8 60.9

Qwen2.5-VL-3B 26.0 28.1 27.2 27.1
Qwen2.5-VL-7B 29.4 31.8 30.3 30.5
Qwen3-VL-8B 30.7 32.2 30.8 31.2
Qwen3-VL-30B-A3B 32.0 33.7 32.7 32.8

Spec-o3-3B 73.5 72.6 77.1 74.4
Spec-o3-7B 77.0 73.1 79.1 76.4

degradation under these instrumental shifts. From422

the LAMOST reference average, their average F1423

drops by -17.6% to -13.1% on SDSS and -20.1% to424

-14.7% on DESI, which suggests reliance on survey-425

specific artifacts. Spec-o3-7B remains stable with426

81.1% on SDSS and 77.4% on DESI, which is427

close to its in-distribution reference of 81.5% and428

well above o3 at 56.1%. These results suggest that429

Spec-o3 relies on diagnostic spectral evidence that430

transfers across telescope projects.431

Cross-task Generalization We evaluate zero-432

shot performance on three unseen inspection tasks433

(O-, B-, and A-type spectra), where specialist deep434

learning models are inapplicable. Despite the sig-435

nificant visual disparity between these new tasks436

and the training tasks, Spec-o3 demonstrates re-437

markable transferability. Spec-o3-7B achieves an 438

average F1 of 76.4%, which is +15.5% over o3 and 439

+45.9% over Qwen2.5-VL-7B. Spec-o3-3B reaches 440

74.4%, which is +13.5% over o3 and +47.3% over 441

Qwen2.5-VL-3B. These results confirm that Spec- 442

o3 has learned a generic, tool-assisted inspection 443

paradigm that identifies diagnostic visual evidence 444

defined in instructions, rather than merely memo- 445

rizing specific task distributions. 446

4.5 Reliability Judgement 447

To assess the reliability of Spec-o3’s explanations, 448

we evaluate the reasoning trajectories with both 449

human experts and automated LLM Judges. We 450

randomly sampled 100 reasoning trajectories (50 451

each from Spec-o3-3B and Spec-o3-7B). Six as- 452

tronomers with spectroscopy expertise rated each 453

trajectory for coherence and physical consistency 454

on a discrete 0-5 scale (see Appendix G for com- 455

prehensive evaluation details). In parallel, we used 456

four proprietary models (GPT-5, Gemini-2.5-Pro, 457

Claude-4-Sonnet, and Grok-4) as LLM Judges to 458

score the identical trajectories. 459

Figure 4(a) compares the score distributions and 460

Cumulative Distribution Function (CDF) from hu- 461

man experts and LLM Judges, showing close agree- 462

ment and a strong concentration of high scores, 463

which suggests that Spec-o3 typically produces 464

coherent and physically consistent explanations. 465

Figure 4(b) further reports Spearman correlations 466

between the human scores and each LLM Judge, 467
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(a) (b) (c)

Figure 4: (a) Quality distribution. Score distributions and Cumulative Distribution Functions are compared
between human and LLM judges to evaluate reasoning trajectories. (b) Rating consistency. The heatmap displays
Spearman correlation coefficients between human experts and four LLM judges. (c) Pairwise preference. Human
expert preferences on explanation quality are compared between Spec-o3 and o3 across three datasets.

Table 4: Ablation analysis of training stages and tool
availability on SpecVI-Bench. Scores denote the aver-
age F1 across five tasks.

# SFT RL Tool 3B-Based 7B-Based

0 ✓ ✓ ✓ 73.3 76.5

1 ✗ ✓ ✓ 35.7 (-37.6) 40.5 (-36.0)
2 ✓ ✗ ✓ 33.1 (-40.2) 41.6 (-34.9)
3 ✗ ✗ ✓ 26.1 (-47.2) 28.3 (-48.2)

4 ✓ ✓ ✗ 43.5 (-29.8) 55.8 (-20.7)

indicating substantial rater consistency.468

Beyond absolute scores, Figure 4(c) presents a469

pairwise preference study: for each survey data,470

we randomly sample 50 cases and ask astronomers471

to compare explanation quality between Spec-o3472

and o3, labeling each comparison as win/tie/loss.473

Across datasets, Spec-o3 is preferred at least as474

often as o3, with a low loss rate. Together, these475

results support using LLM Judges as a scalable476

quality filter (e.g., for ranking or flagging low-477

confidence trajectories) to reduce expert workload478

in large surveys.479

4.6 Ablation Study480

Impact of Two-Stage Training. We conduct ab-481

lation studies to analyze the specific contributions482

of cold-start SFT and agentic reinforcement learn-483

ing (RL), with results summarized in Table 4. We484

observe that applying pure RL (#1) yields only485

limited improvements, as the model lacks the foun-486

dational spectral interpretation priors necessary for487

effective tool utilization. While cold-start SFT488

alone (#2) achieves performance comparable to489

pure RL using only sparse expert trajectories, its490

performance remains bounded by the scarcity of491

high-quality demonstrations and its weak gener-492

alization (Chu et al., 2025). Notably, integrating 493

both stages (#0) triggers a substantial performance 494

leap, nearly doubling the F1 scores compared to 495

the single-stage baselines (#1, #2). This confirms 496

that injecting domain priors via cold start is a pre- 497

requisite for RL to effectively optimize tool usage 498

strategies and unlock robust performance. 499

Impact of Tool Access. To enable fine-grained 500

inspection, we provide a visualization tool for on- 501

demand re-rendering of local wavelength regions. 502

To validate the necessity of this component, we 503

evaluated a variant (#4) trained without tool access, 504

forcing the model to rely solely on textual Chain- 505

of-Thought (CoT). As shown in Table 4, remov- 506

ing tool access results in a significant performance 507

degradation for both model sizes, despite the appli- 508

cation of full SFT and RL procedures. This decline 509

shows that a static global view is insufficient for re- 510

liable verification, making interactive re-rendering 511

of local evidence essential for detecting subtle di- 512

agnostic features. 513

5 Conclusion 514

In this work, we introduce Spec-o3 to mitigate 515

the manual inspection bottleneck in modern spec- 516

troscopic survey workflows. Spec-o3 is a tool- 517

augmented vision-language agent that performs in- 518

terleaved multimodal chain-of-thought reasoning in 519

an astronomer-like inspection loop. Trained with a 520

two-stage post-training strategy, Spec-o3 achieves 521

state-of-the-art performance and remains robust un- 522

der distribution shifts. Human evaluations confirm 523

that its inspection trajectories are physically consis- 524

tent and aligned with expert reasoning, positioning 525

Spec-o3 as a scalable solution for the data deluge 526

in future large-scale spectroscopic surveys. 527
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6 Limitations528

A limitation of this work is that our evaluation fo-529

cuses on a limited set of rare-object types, and does530

not yet cover broader spectral subclasses or the531

most challenging observational conditions. In ad-532

dition, we abstract expert vetting as an interactive533

zoom-and-reason loop with a spectral visualization534

tool, while real catalog construction often requires535

cross-matching external databases and incorporat-536

ing other modalities (e.g., photometry, imaging, or537

time-domain evidence) for confirmation. Although538

outcome-based RL can scale with label-only data,539

our approach still relies on expert demonstration540

trajectories for cold start, which introduces a non-541

trivial barrier when extending to new tasks or sur-542

veys. Finally, we do not yet provide production-543

oriented risk controls such as calibration, absten-544

tion, or triage mechanisms for deferring uncertain545

cases to human experts.546
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A Spectral Visualization Software877

Professional spectroscopic surveys typically pro-878

vide dedicated visualization software to support879

expert-driven spectral inspection. Figure 5 shows880

a representative example from the official LAM-881

OST spectrum viewer, which is widely used by882

astronomers during catalog construction and verifi-883

cation.884

The interface is organized into three functional885

panels. The left panel displays object-level meta-886

data, including observational identifiers, coordi-887

nates, and acquisition parameters. The central888

panel renders the spectrum as a flux-wavelength889

plot, enabling experts to assess the global spectral890

morphology and identify prominent features. The891

right panel provides interactive controls for spec-892

tral analysis, including line annotations, smoothing893

options, data export, and wavelength-range selec-894

tion.895

A key capability of this software is the ability896

to re-render localized wavelength regions on de-897

mand. By specifying a wavelength interval through898

the range selection tool (highlighted in red), as-899

tronomers can zoom into diagnostically relevant900

regions and examine fine-grained spectral struc-901

tures that may not be discernible from the global902

view alone. This process is typically performed iter-903

atively: experts alternate between global inspection904

and multiple localized zooms to verify candidate-905

specific features before reaching a final decision.906

The right panel of Figure 5 illustrates an exam-907

ple of such localized re-rendering, where the spec-908

trum is restricted to the 6400-6700 Å range to facil-909

itate detailed inspection of emission or absorption910

features in this region. This interactive, evidence-911

driven workflow closely reflects real-world expert912

practice and motivates the tool-augmented inspec-913

tion paradigm adopted in Spec-o3.914

B Spectral Visualization Tool915

To let the VLM follow an astronomer-like, interac-916

tive inspection routine with spectral visualization917

software (i.e., repeatedly zooming into informative918

wavelength ranges), we implement a lightweight919

spectral visualization tool that can be invoked dur-920

ing inference via function calling. At the begin-921

ning of each inspection session, the tool caches the922

target’s original one-dimensional wavelength-flux923

array and renders an initial spectrum plot span-924

ning the full wavelength coverage as the starting925

view. In subsequent steps, the model may request a926

new visualization by specifying a wavelength range 927

(e.g., [λmin, λmax]). The tool then slices the corre- 928

sponding segment from the cached array, renders 929

the localized spectrum view, and returns the result- 930

ing plot image to the model for the next reasoning 931

step. 932

C SpecVI-Bench Statistics 933

This appendix summarizes the detailed statis- 934

tics and data specification of SpecVI-Bench used 935

throughout our experiments. SpecVI-Bench is 936

designed to mirror the cataloging workflow in 937

practice, where astronomers verify candidates one 938

type at a time by inspecting spectra and deciding 939

whether each spectrum should be accepted as the 940

target class. Accordingly, we formulate SpecVI- 941

Bench as five independent binary verification tasks, 942

one for each rare type. 943

Despite its binary form, SpecVI-Bench remains 944

challenging. Real survey spectra exhibit diverse 945

noise patterns and instrumental artifacts, and many 946

non-target objects can closely resemble the target 947

types. As a result, reliable verification typically re- 948

quires substantial domain experience, even for pro- 949

fessional astronomers. Table 5 reports the number 950

of positive and negative samples for each of the five 951

rare-type spectral verification tasks, covering both 952

training and test splits. For each task, positive sam- 953

ples are drawn from the official LAMOST catalogs, 954

while negative samples are constructed via rejec- 955

tion sampling to approximate the high-confusion 956

setting encountered during expert visual inspection. 957

The training sets are approximately balanced to fa- 958

cilitate stable optimization, whereas the test sets 959

are deliberately imbalanced, reflecting the extreme 960

rarity of true targets in real survey scenarios. 961

Table 5: Statistics of SpecVI-Bench for the five rare-
type verification tasks.

Type Train (Pos / Neg) Test (Pos / Neg)

CV 343 / 368 229 / 1229
CS 355 / 316 237 / 1084
SS 341 / 365 228 / 1214
MG 327 / 331 218 / 1103
WD 315 / 303 210 / 1002

Total 1681 / 1683 1122 / 5632

In addition to the binary label, each exam- 962

ple in SpecVI-Bench provides the original 1D 963

wavelength-flux arrays of the spectrum for on- 964

demand visualization, together with a task prompt 965

that specifies the verification question and the diag- 966
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Figure 5: Screenshot of the official LAMOST spectrum viewer. The left panel lists object metadata, the center panel
visualizes the spectrum, and the right panel provides interactive controls. The red box highlights the wavelength-
range selection tool for zooming and re-rendering spectral details. Left: global spectrum view. Right: zoomed view
re-rendered over 6400-6700 Å.

nostic criteria. An example prompt is provided in967

Table 6.968

D Background on LAMOST, SDSS, and969

DESI970

LAMOST The Large Sky Area Multi-Object971

Fiber Spectroscopic Telescope (LAMOST; also972

known as the Guoshoujing Telescope) is a quasi-973

meridian reflecting Schmidt telescope located at974

the Xinglong Station of the National Astronomical975

Observatories of China.2 It provides a 5◦ field of976

view and a highly multiplexed spectroscopic sys-977

tem with 4000 fibers feeding 16 spectrographs (250978

fibers per spectrograph). In its low-resolution sur-979

vey configuration, LAMOST covers 370–900 nm980

with typical resolving power R=500–1500.3981

SDSS. The Sloan Digital Sky Survey (SDSS) is982

a long-running program that has delivered large-983

scale spectroscopic datasets through multiple gen-984

erations of public data releases.4 In the original985

SDSS spectroscopic system, observations are taken986

using fiber plug plates that enable 640 spectra per987

exposure, with a wavelength coverage of ∼3800–988

9200 Å and a resolving power of about R≈1800.989

Later phases employ upgraded spectrographs (e.g.,990

the BOSS spectrographs) and continue SDSS’s em-991

phasis on broad community access to calibrated992

spectra and derived products.5993

DESI. The Dark Energy Spectroscopic Instru-994

ment (DESI) is a 5000-fiber multi-object spectro-995

graph conducting the DESI Survey on the Mayall996

2
https://www.lamost.org/public/instrument?locale=en

3
https://www.lamost.org/public/instrument?locale=en

4
https://www.sdss.org/

5
https://www.sdss4.org/dr17/spectro/spectro_basics/

4-meter telescope at Kitt Peak National Observa- 997

tory.6 According to the DESI instrument docu- 998

mentation, a wide-field corrector provides an ∼8 999

square-degree field of view, and the fibers feed 10 1000

triple-arm spectrographs that simultaneously cover 1001

360–980 nm. DESI is designed to obtain optical 1002

spectra for tens of millions of galaxies and quasars 1003

to build a 3D map of the Universe and constrain 1004

the physics of cosmic acceleration.7 1005

E Generalization Evaluation 1006

To evaluate the generalization ability of Spec-o3, 1007

we construct two types of datasets: cross-survey 1008

datasets and cross-task datasets. 1009

Cross-Survey Datasets The cross-survey eval- 1010

uation is conducted on spectra from SDSS and 1011

DESI, which differ from LAMOST in instrumen- 1012

tation, data reduction pipelines, and observational 1013

conditions. Starting from the test split of SpecVI- 1014

Bench samples constructed on LAMOST, we per- 1015

form cross-matching based on sky coordinates to 1016

identify corresponding observations in the SDSS 1017

and DESI archives. A matching radius of 3 arc- 1018

seconds is adopted, which is a commonly used 1019

tolerance for cross-survey astrometric matching. 1020

For each verification task, we retain approximately 1021

50 positive samples and 250 negative samples after 1022

matching. Because we could not obtain enough 1023

matched samples for SS and WD, we only evaluate 1024

cross-survey generalization on CV, CS, and MG. 1025

Cross-Task Datasets. To assess zero-shot gener- 1026

alization to unseen inspection tasks, we addition- 1027

ally construct cross-task datasets targeting O-, B-, 1028

6
https://www.desi.lbl.gov/

7
https://www.desi.lbl.gov/
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Table 6: Example prompt for a SpecVI-Bench sample. Here, <image> is a placeholder indicating that the model
receives an input spectral image.

Prompt Example.

<image>

Analyze the provided spectrum to determine if it is a “Cataclysmic Variables (CV)”.

• Key Indicators for CV (Check for either state):
– State 1: Quiescent / Low-State (Emission-Dominated)

* (Primary): Strong and very broad Hydrogen Balmer emission lines (e.g., Hα at 6563 Å, Hβ at 4861 Å). The
“broadness” (high velocity dispersion, often FWHM > 1000 km s−1) is the key diagnostic, indicating a high-velocity
accretion disk.

* (Secondary): Broad neutral Helium (He I) emission lines (e.g., 5876 Å, 6678 Å).

* (Key Confirmation): Presence of high-excitation ionized Helium (He II) emission at 4686 Å. This is a strong indicator
of accretion onto a white dwarf.

* (Line Profile): Emission lines may exhibit a “double-peaked” profile, which is a classic signature of a rotating
accretion disk viewed at high inclination.

– State 2: Outburst / High-State (Absorption-Dominated)
* (Primary): Spectrum is dominated by a bright, blue continuum (looks like a hot star).
* (Secondary): The emission lines from State 1 are weak, absent, or “filled in”, and are replaced by broad, shallow

absorption lines (primarily Balmer and He I).
* (Morphology): The overall spectrum mimics a hot B/A-type star. The crucial difference is that the absorption lines

are significantly broader, shallower, and more “washed-out” (or “smeared”) than the sharp lines of a normal stellar
photosphere, due to high rotational speeds and pressure broadening in the disk.

Think first, call spectral_visualization_tool if needed to examine features in detail, then provide your final answer. Your
response must adhere to the following strict rules:
1. Overall Structure: Your response must follow the format <think>...</think> <tool_call>...</tool_call> (if

a tool is used) <answer>...</answer>.
2. Tool Usage Constraint: You may only make one tool call per turn.
3. Final Answer Format: In the <answer> tag, your conclusion must be inside a \boxed{} command (e.g., \boxed{YES}),

followed by your justification.

and A-type spectra. Positive samples for each stel-1029

lar type are drawn from the corresponding official1030

catalogs released by LAMOST. Negative samples1031

are collected from the same survey to preserve re-1032

alistic background contamination. For each task,1033

we similarly retain around 50 positive samples and1034

250 negative samples.1035

Across all settings, these datasets are used ex-1036

clusively for evaluation. No samples from SDSS,1037

DESI, or the O/B/A-type tasks are included dur-1038

ing training, ensuring a strict zero-shot evaluation1039

regime.1040

F Training Dynamics1041

Figure 6 illustrates the evolution of agent behavior1042

during the RL stage. See Algorithm 1 for the roll-1043

out procedure used during agentic RL. We observe1044

a distinct convergence pattern where task perfor-1045

mance (Reward and F1 score) steadily improves,1046

while the average number of tool calls gradually1047

decreases throughout the training process. This1048

trend suggests that as the model masters the task,1049

it progressively learns to pinpoint high-value diag-1050

nostic features with fewer redundant observations. 1051

Additionally, Spec-o3-7B demonstrates faster con- 1052

vergence and superior stability compared to the 3B 1053

model, confirming that a stronger backbone enables 1054

more effective policy optimization. 1055

G Human Evaluation Details 1056

Expert Annotators Background We recruited 1057

six expert astronomers for the evaluation. To ensure 1058

rigorous verification, eligibility was strictly limited 1059

to individuals holding a Ph.D. in astronomy and 1060

possessing a track record of peer-reviewed publica- 1061

tions on spectroscopic analysis. This prerequisite 1062

guarantees that all annotators command the deep 1063

domain expertise required for accurate physical 1064

interpretation and reliable verification. 1065

Scoring Rubric Reasoning quality was evaluated 1066

on a 0–5 scale targeting coherence and physical 1067

consistency. The criteria, summarized in Table 7, 1068

span from invalid hallucinations to scientifically 1069

sound interpretations. This metric rigorously cap- 1070

tures both the factual correctness of the answer and 1071

the internal logic of the reasoning process. 1072
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Figure 6: Training dynamics of Spec-o3-3B and Spec-o3-7B during agentic rl. Panels show (a) average number of
tool calls per trajectory, (b) average response length, (c) average reward, and (d) F1 score on the CV verification set
as training proceeds.

Figure 7: Custom annotation interface for expert evalu-
ation. The interface includes a scrollable central panel
that displays the full, interleaved reasoning trajectory
and tool outputs. Experts review the complete chain of
thought before assigning a coherence score (0-5) via the
bottom control bar.

Annotation Interface To streamline the evalu-1073

ation process, we developed a custom annotation1074

interface shown in Figure 7. The interface fea-1075

tures a scrollable reasoning viewer designed to ac-1076

commodate the model’s full multi-turn trajectory.1077

This allows experts to seamlessly inspect the com-1078

plete history of interleaved textual analysis and1079

tool-generated spectral plots within a unified view.1080

The bottom panel provides standardized controls1081

for navigation and scoring, ensuring a consistent1082

workflow across all annotators.1083

Table 7: Human evaluation rubric for reasoning coher-
ence and physical consistency.

Score Definition

0 Complete hallucination.
The explanation is entirely incorrect or phys-
ically implausible.

1 Mostly wrong.
The majority of the explanation is incorrect
or misleading.

2 More wrong than correct.
Some valid elements exist, but errors domi-
nate the reasoning.

3 Mostly correct.
The main reasoning is sound but contains
noticeable errors.

4 Nearly correct.
The explanation is largely accurate with only
minor issues.

5 Fully correct.
A coherent, accurate, and physically consis-
tent description.
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Algorithm 1 Rollout for agentic RL

Require: Spectrum array S (wavelength–flux),
task prompt T0, policy model πθ, visualization
tool V , max steps T

Ensure: Trajectory τ for RL update
1: C ← CACHESPECTRUM(S) ▷ store the raw

numeric array for this session
2: I0 ← V(C, FULLRANGE, LABEL = ∅)
3: τ ← [(T0, I0)]
4: for t← 0 to T − 1 do
5: yt ∼ πθ(τ) ▷ generate next model output

conditioned on history
6: if ISTOOLCALL(yt) then
7: (λmin, λmax, ℓ)← PARSEARGS(yt)
8: It+1 ← V(C, [λmin, λmax], LABEL =

ℓ)
9: τ ← τ ∪ [(yt, It+1)] ▷ interleave tool

call and returned visualization
10: else if ISFINALANSWER(yt) then
11: τ ← τ ∪ [(yt)]
12: break
13: else
14: τ ← τ ∪ [(yt)] ▷ pure text reasoning

step (optional)
15: end if
16: end for
17: r ← COMPUTEOUTCOMEREWARD(τ) ▷

e.g., correctness and format constraints
18: return (τ, r)
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