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Abstract001

Effective and controllable data selection is criti-002
cal for LLM instruction tuning, especially with003
massive open-source datasets. Existing ap-004
proaches primarily rely on instance-level qual-005
ity scores, or diversity metrics based on embed-006
ding clusters or semantic tags. However, con-007
strained by the flatness of embedding spaces or008
the coarseness of tags, these approaches over-009
look fine-grained knowledge and its intrinsic010
hierarchical dependencies, consequently hin-011
dering precise data valuation and knowledge-012
aligned sampling. To address this challenge,013
we propose Tree-aware Aligned Global Sam-014
pling (TAGS), a unified framework that lever-015
ages a knowledge tree built from fine-grained016
tags, thereby enabling joint control of global017
quality, diversity, and target alignment. Us-018
ing an LLM-based tagger, we extract atomic019
knowledge concepts, which are organized into020
a global tree through bottom-up hierarchical021
clustering. By grounding data instances onto022
this tree, a tree-aware metric then quantifies023
data quality and diversity, facilitating effective024
sampling. Our controllable sampling strategy025
maximizes tree-level information gain and en-026
forces leaf-level alignment via KL-divergence027
for specific domains. Extensive experiments028
demonstrate that TAGS significantly outper-029
forms state-of-the-art baselines. Notably, it030
surpasses the full-dataset model by +5.84%031
using only 5% of the data, while our aligned032
sampling strategy further boosts average per-033
formance by +4.24%.034

1 Introduction035

Large Language Models (LLMs) have become a036

cornerstone of natural language processing, demon-037

strating remarkable performance across diverse ap-038

plications (Yang et al., 2025; Liu et al., 2024a;039

Achiam et al., 2023). While pre-training endows040

LLMs with extensive world knowledge, instruc-041

tion tuning serves to bridge the gap between raw042

probabilistic modeling and human intent (Ouyang043

Figure 1: Performance comparison of Qwen3-8B fine-
tuned on Tulu3. TAGS consistently outperforms other
data selection strategies.

et al., 2022; Wei et al., 2021). As a result, the qual- 044

ity and diversity of instruction data have become 045

critical factors in determining the performance of 046

LLMs. The recent emergence of large-scale open- 047

source instruction datasets (Lambert et al., 2024; 048

Teknium, 2023) has significantly democratized ac- 049

cess to instruction tuning. However, simply scaling 050

up data size does not always guarantee better per- 051

formance. Recent studies (Zhou et al., 2023a; Ge 052

et al., 2024; Chen et al., 2025) reveal the "less 053

is more" phenomenon, where models trained on 054

carefully curated, high-quality subsets consistently 055

outperform those trained on massive, unfiltered cor- 056

pora. These findings have shifted research attention 057

from indiscriminate scaling toward effective data 058

selection. In particular, extracting high-value in- 059

struction subsets not only reduces training costs but 060

also mitigates the alignment tax—the degradation 061

in model capability caused by redundant, noisy in- 062

structions (Ouyang et al., 2022; Zhou et al., 2023a). 063

As such, effective data selection has become criti- 064

cal in ensuring optimal LLM performance. 065

Driven by this demand, numerous automated 066

data selection methods have been proposed (Lu 067
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et al., 2023; Ge et al., 2024; Chen et al., 2025).068

These approaches can generally be categorized into069

three types: metric-based filtering, diversity-driven070

selection, and comprehensive strategies. Metric-071

based filtering methods (Chen et al., 2023; Li et al.,072

2024a; Liu et al., 2024b) rely on scalar indicators073

such as quality or complexity scores to filter out074

noisy data. However, they evaluate samples inde-075

pendently, failing to consider global diversity at076

the subset level. Diversity-driven selection meth-077

ods (Yin et al., 2024; Bukharin et al., 2024) focus078

on maximizing semantic coverage. Nevertheless,079

the use of flattened representations limits their abil-080

ity to capture fine-grained conceptual distinctions.081

Comprehensive strategies (Lu et al., 2023; Ge et al.,082

2024; Chen et al., 2025) attempt to balance qual-083

ity and diversity by using tagging or clustering.084

Despite this, these methods typically operate over085

coarse labels (e.g., “Math”) and shallow structures,086

which cannot distinguish atomic concepts like "ma-087

trix decomposition" and "linear equations". Cru-088

cially, all these paradigms operate over flat seman-089

tic spaces and overlook fine-grained knowledge and090

its intrinsic tree-structured hierarchy. This leads to091

two fundamental bottlenecks: (1) Imprecise assess-092

ment of data value and subset diversity due to the093

lack of a fine-grained topology. (2) Uncontrollable094

sampling that struggles to meet specific domain095

constraints or user requirements.096

To address these limitations, we propose TAGS097

(Tree-aware Aligned Global Sampling), a unified098

framework that incorporates fine-grained knowl-099

edge topology into controllable data selection.100

First, we construct a global Knowledge Tree to101

capture fine-grained knowledge structures. Rather102

than relying on coarse labels, we utilize a special-103

ized lightweight tagger to extract atomic concepts104

from large-scale data (Xu et al., 2024; LI et al.,105

2024; Zheng et al., 2023a; Teknium, 2023). These106

concepts are then organized via hierarchical clus-107

tering, forming a tree where leaf nodes represent108

specific knowledge units and upper levels represent109

broader semantic categories. Second, we introduce110

a Tree-based Information Propagation mechanism111

to evaluate data utility in a structured semantic112

space. Specifically, TAGS anchors data instances113

onto the constructed tree, evaluating data value114

through a tree-based information flow. Data quality115

drives the information intensity at leaf nodes, which116

then propagates to quantify global richness of the117

subset. To mitigate redundancy, we employ a con-118

cave aggregation function that ensures diminishing119

returns for repeated concepts, thus balancing local 120

quality with global diversity. Finally, we imple- 121

ment an efficient data selection algorithm with two 122

controllable strategies: maximizing global informa- 123

tion gain for General Sampling, and incorporating 124

KL-divergence for Knowledge-Aligned Sampling 125

to approximate target domain distributions. 126

To validate the effectiveness of TAGS, we 127

conducted extensive experiments using the 128

Qwen3 (Yang et al., 2025) model family at vary- 129

ing scales, across a diverse set of knowledge- 130

intensive (Clark et al., 2018; Suzgun et al., 2023; 131

Hendrycks et al., 2020; Chen, 2021; Cobbe et al., 132

2021; Zhou et al., 2023b) and human-preference 133

benchmarks (Zheng et al., 2023b; Dong et al., 2024; 134

Lin et al., 2024). As shown in Figure 1, TAGS con- 135

sistently achieves state-of-the-art performance, sig- 136

nificantly outperforming strong baselines in both 137

general capabilities and reasoning tasks. Remark- 138

ably, using only 5% of the data, TAGS outperforms 139

the full-dataset fine-tuning baseline by 2.23% on 140

knowledge-intensive benchmarks and achieves a 141

substantial 12.34% gain in human-preference eval- 142

uations. Moreover, TAGS demonstrates precise 143

controllability through knowledge-aligned sam- 144

pling, with an average performance improvement 145

of 4.24% on target domains compared to the gen- 146

eral selection strategy, highlighting the efficacy of 147

domain-specific adaptation. 148

In summary, our contributions are as follows: 149

• We propose TAGS, a unified framework that 150

leverages hierarchical structures built from fine- 151

grained tags to enable global quality, diversity, 152

and target alignment in data selection. 153

• We introduce two sampling strategies, General 154

Sampling and Knowledge-Aligned Sampling, of- 155

fering flexible and controllable data selection to 156

meet diverse requirements. 157

• Extensive evaluations across model scales 158

demonstrate state-of-the-art data efficiency. 159

2 Related Work 160

Instruction Tuning and Data Efficiency. Instruc- 161

tion tuning is widely acknowledged as an impor- 162

tant approach for aligning LLMs with human intent 163

(Ouyang et al., 2022; Wei et al., 2021; Sanh et al., 164

2021). Recent studies (Zhou et al., 2023a; Ge et al., 165

2024; Chen et al., 2025) further demonstrate that 166

during the Supervised Fine-Tuning (SFT) stage, 167

utilizing a meticulously curated subset of high- 168

quality instructions can yield performance superior 169
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Figure 2: Overview of the TAGS framework: (1) Uniform Sampling from diverse data sources; (2) Tagger
Training, which employs an LLM-based Act-Critic loop to synthesize fine-grained tags and fine-tune a General
Tagger; (3) Hierarchical Clustering structures the generated tag pool into a global Tag Tree; and (4) Data Sampling
maps instances to tree nodes and executes controllable selection based on Information Gain and KL-divergence.

to models trained on significantly larger datasets.170

These findings underscore the importance of strate-171

gic data selection, where developing automated172

frameworks to balance both data quality and diver-173

sity has emerged as a vital research topic.174

Automated Data Selection. Existing automated175

data selection methods (Chen et al., 2023; Lu et al.,176

2023; Ge et al., 2024; Liu et al., 2024b; Chen et al.,177

2025) aim to identify training subsets that maxi-178

mize efficiency and performance. Broadly, they can179

be categorized into metric-based filtering, diversity-180

driven selection, and comprehensive strategies. (1)181

Metric-based filtering relies on scalar criteria to as-182

sess data quality or difficulty. IFD (Li et al., 2024a)183

estimates instruction difficulty via the discrepancy184

between predicted and self-generated responses,185

while ALPAGASUS (Chen et al., 2023) employs186

LLM-based judges and SelectIT (Liu et al., 2024b)187

filters samples based on intrinsic uncertainty. Al-188

though effective at denoising, these methods evalu-189

ate instances independently, ignoring the global di-190

versity. (2) Diversity-driven selection emphasizes191

coverage of the semantic space. ZIP (Yin et al.,192

2024) promotes diversity through a compression-193

based metric, whereas QDIT (Bukharin et al., 2024)194

selects representative samples that maximize cur- 195

rent subset diversity. (3) Comprehensive strate- 196

gies seek to jointly balance quality and diversity 197

during the selection. CaR (Ge et al., 2024) per- 198

forms clustering followed by intra-cluster quality 199

selection, while DEITA (Liu et al.) greedily se- 200

lects high-quality samples with semantic redun- 201

dancy penalties. #InsTag (Lu et al., 2023) intro- 202

duces LLM-generated coarse-grained tags and se- 203

lects data based on tag coverage and complexity, 204

MIG (Chen et al., 2025) further extends this by 205

modeling semantic relations as a label graph and 206

maximizing information gain. Despite these ad- 207

vances, existing methods overlook fine-grained 208

knowledge and their explicit hierarchical dependen- 209

cies, limiting the capability for precise data metric 210

and knowledge-aligned selection. To address this 211

issue, we introduce TAGS, which leverages fine- 212

grained tags and tree structure to achieve global 213

quality, diversity, and targeted sampling. 214

3 Method 215

As shown in Figure 2, we propose TAGS, a tree- 216

aware data selection framework that enables con- 217

trollable and knowledge-aligned sampling. TAGS 218
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fine-tunes an LLM to extract fine-grained tags219

(Sec. 3.2), organizes them into a Tag Tree (Sec. 3.3),220

and performs data selection via Information Gain221

and KL-divergence (Sec. 3.4).222

3.1 Problem Formulation & Notation223

Task. Given a dataset DP , a budget N and a large224

language model M , the task is to select a subset225

DS ⊂ DP of size N such that the performance of226

the LLM fine-tuned on DS , denoted by F (M,DS),227

is maximized. This can be formulated as:228

DS = argmax
D⊂DP , |D|=N

F (M,D). (1)229

Data. Each data instance di consists of a query-230

response pair (qi, ri), along with associated at-231

tributes (Ti, Qi, Ci), where qi denotes the query232

and ri denotes the response. Ti represents extracted233

fine-grained tags, while Qi and Ci denote the qual-234

ity score and complexity score, respectively, which235

are separately evaluated by the two scorers intro-236

duced in DEITA (Liu et al.).237

3.2 Fine-grained Tagger Training238

When dealing with massive instructions, existing239

approaches (Ge et al., 2024; Bukharin et al., 2024)240

typically rely on embeddings and clustering to eval-241

uate data distributions and diversity. However,242

these methods lack interpretability, making it dif-243

ficult to distinguish whether clusters are driven by244

shared linguistic style, core knowledge, or other la-245

tent factors. In contrast, explicit semantic tags map246

unstructured text into lower-noise tag spaces that247

better capture the underlying knowledge, enabling248

data to be measured in a more compact and control-249

lable semantic space. Nevertheless, as illustrated250

in Figure 3, existing taggers (e.g., #InsTag) primar-251

ily focus on coarse-grained intents and struggle252

to model the specific entities, contexts, and con-253

straints embedded in complex instructions. This254

limitation motivates the development of a more255

precise, fine-grained tagger, which enables reliable256

extraction of fine-grained knowledge in TAGS.257

We construct a high-quality training corpus for258

fine-grained tagging, consisting of 50k samples259

spanning core domains, augmented with an addi-260

tional 3k manually curated complicated instruc-261

tions to enhance the tagger’s capability in handling262

complex queries (see Table 7 for a detailed break-263

down). Inspired by the Self-Refine mechanism264

(Madaan et al., 2023), we implement an Act-Critic265

annotation pipeline powered by GPT-o4-mini. In266

Instruction
Explain the concept of \"Flow State\" 
and how it can be integrated into the 
principles of Deep Work as discussed by 
Cal Newport. Provide examples of how a 
Chef can attain Flow State and increase 
productivity while maintaining focus on 
the task at hand.

#InsTag

TAGS

• explanation
• example

• Flow State Definition
• Deep Work Principles
• Integration of Flow and Deep Work
• Flow State in Culinary Context

Figure 3: Comparison of #InsTag and TAGS tagger.

this pipeline, a GPT-Tagger generates initial tags, 267

while a GPT-Checker reviews them and provides 268

refinement suggestions. To balance quality and ef- 269

ficiency, we limit the annotation process to a maxi- 270

mum of three iterations. Finally, we perform SFT 271

on Qwen3-8B-Instruct (Yang et al., 2025) using 272

this synthetic data, yielding a general tagger that 273

balances precise query understanding with infer- 274

ence efficiency for large-scale data processing. 275

3.3 Hierarchical Tag Tree Construction 276

Despite the semantic denoising achieved by TAGS 277

tagger, the resulting tag pool still exhibits signif- 278

icant fragmentation. Similar concepts may be as- 279

signed different tags due to variations in expression 280

(e.g., "Value-to-Index Mapping" vs. "Index-based 281

count computation"), while flat tag representations 282

struggle to reflect the hierarchical structure of com- 283

plex instructions (e.g., "Matrix Decomposition" 284

under "Linear Algebra"). As a result, isolated tags 285

limit the global assessment of data coverage, mo- 286

tivating the need for a structured representation 287

of tag semantics. Inspired by Clio (Tamkin et al., 288

2024), we construct a Tag Tree for downstream 289

analysis and sampling. To balance efficiency with 290

precision, we adopt an iterative bottom-up frame- 291

work. At each iteration, we first aggregate the 292

current set of nodes into clusters using K-Means 293

based on semantic embeddings1. To resolve ambi- 294

guities inherent in embedding-based clustering, we 295

employ an LLM2 to refine these clusters through a 296

structured four-step pipeline: 297

• Summarization: Abstracting a representative 298

topic candidate for each cluster; 299

• Deduplication: Removing synonymous topics 300

to ensure uniqueness; 301

• Reassign: Reviewing member tags and reassign- 302

ing misclassified items to their appropriate topic 303

to rectify vector-based errors; 304

• Renaming: Refining the topic name to accu- 305

rately reflect the corrected cluster composition. 306

The generated topics serve as inputs for the sub- 307

sequent iteration. This cycle repeats recursively 308

1We utilize Qwen3-Embedding-0.6B as encoder.
2Qwen3-30B-A3B-2507
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until a specified tree depth is reached, ultimately309

constructing the global Tag Tree.310

3.4 Tree-aware Data Sampling311

Tree Topology & Data Anchoring. We utilize312

the semantic tag tree T = (V,E) constructed in313

Sec. 3.3, where V denotes the set of nodes and314

E represents the directed edges encoding hierar-315

chical relations. To facilitate data anchoring, we316

transform this topology into an ancestry matrix317

M ∈ {0, 1}|V |×|Vleaf|. This matrix maps the rela-318

tionships between all nodes V and the subset of319

fine-grained leaf nodes Vleaf ⊂ V :320

Mij = I(i is an ancestor of j) ∨ I(i = j), (2)321

where I(·) is the indicator function. This explicitly322

encodes the logical implication: if a leaf concept is323

active, all its ancestral categories are logically im-324

plicated. We further anchor the training instances325

to this topology to obtain a structure-aware repre-326

sentation. Each sample dk is assigned to leaf nodes327

by matching its fine-grained tags Tk to the leaf-328

level concepts based on maximum semantic sim-329

ilarity, resulting in a binary leaf activation vector330

h
(leaf)
k ∈ {0, 1}|Vleaf|. To reconstruct the tree-level331

semantic profile, we propagate leaf-level signals332

upward via the ancestry matrix:333

h
(tree)
k = M · h(leaf)

k . (3)334

Tree-based Information Modeling. Given the335

hierarchical profile h(tree)
k of each data point dk, we336

first quantify its utility by combining its quality337

score Qk and complexity score Ck. We define a338

composite scalar weight sk as:339

sk = α ·Qk + (1− α) · Ck, (4)340

where α ∈ [0, 1] is a hyperparameter balancing the341

two metrics. To further model the effective con-342

tribution of dk to the semantic space, we scale its343

profile by sk, yielding the raw information vector:344

ek = sk · h
(tree)
k . (5)345

Since concepts are organized along a hierarchy,346

treating them as isolated features fails to capture347

their semantic dependencies. To capture this se-348

mantic overlap, we allow information to propagate349

through the tag tree structure. Following Chen et al.350

(2025), we define the propagation coefficient Apq351

from node p to node q based on the tree topology:352

Apq =
apq

1 +
∑

j ̸=p apj
, (6)353

where apq = I((p, q) ∈ E) indicates the binary 354

structural connection strength. This propagation 355

mechanism ensures that effective coverage is mea- 356

sured across related conceptual branches rather 357

than discrete nodes. 358

Based on this propagation matrix A, the effec- 359

tive information vector of dk is transformed into 360

Aek. Finally, we quantify the utility of the selected 361

subset D by aggregating the propagated informa- 362

tion: 363

I(D) =
∑
j∈V

Φ(
∑
k∈D

Aek) (7) 364

where Φ(x) = xγ (with γ ∈ (0, 1)) is a strictly 365

increasing, concave function. Crucially, Φ being 366

increasing prioritizes samples with high composite 367

scores, while its concavity imposes diminishing 368

returns to mitigate redundancy, thereby balancing 369

individual quality and global diversity. 370

Tree-aware Dual-mode Sampling. To curate a 371

high-quality subset, we adopt a greedy strategy 372

based on Information Gain. However, re-evaluating 373

the full objective for every candidate is computa- 374

tionally expensive. To ensure efficiency, we ap- 375

proximate the marginal information gain using a 376

first-order Taylor expansion: 377

dk = argmax
d∈Dk

P

(
I(Dk

S ∪ {d})− I(Dk
S)
)

≈ argmax
d∈Dk

P

(
∇vI(vk)

⊤(Aed)
)

= argmax
d∈Dk

P

(Φ′(A
∑
i∈Dk

S

ei)
⊤Aed),

(8) 378

where vk = A
∑

i∈Dk
S
ei denotes the accumulated 379

semantic profile, while Dk
S and Dk

P represent the 380

selected subset and the remaining candidate pool 381

at iteration k, respectively. 382

To accommodate diverse application needs, we 383

extend this framework with two distinct sampling 384

modes: (1) General Sampling, which prioritizes 385

global quality and diversity across the entire Tag 386

Tree; and (2) Aligned Sampling, which enforces 387

adaptation to specific domains. For the latter, we 388

introduce a target distribution Q ∈ ∆|Vleaf| defined 389

over the leaf nodes. Since leaves represent atomic 390

knowledge units, Q allows for fine-grained con- 391

trol over the desired dataset composition, whether 392

specified manually for domain customization or de- 393

rived from a reference benchmark. We unify these 394

strategies into a single objective by incorporating 395

a regularization term based on the KL-divergence. 396

Defining the leaf-level distribution of the current 397
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Algorithm 1 TAGS Sampling
1: Input: Data Pool DP , Sample Budget N , Target Distri-

bution Q
2: Output: The Sampled Dataset DS

3: Initialize Empty DS ;
4: Initialize Propagation Matrix A;
5: while |DS | < N do
6: G← Φ′(A

∑
k∈DS

ek)
⊤A;

7: di ← argmaxd∈DP
Ged−λDKL(Q||P (DS∪{d}));

8: DS ← DS ∪ {di};
9: DP ← DP \ {di};

10: end while
11: return DS

subset as P (DS) ∝
∑

d∈DS
h
(leaf)
d , we select the398

sample maximizing the joint score at iteration k:399

dk = argmax
d∈Dk

P

(∆I(d)−λ ·DKL(Q ∥ P (Dk
S ∪{d}))), (9)400

where ∆I(d) denotes the approximated gain from401

Eq. 8. Setting λ = 0 reduces to general sampling,402

while λ > 0 enforces distribution alignment with403

the target Q. The procedure is outlined in Algo-404

rithm 1. More details are shown in Appendix A.2.405

4 Experiments406

We validate the TAGS framework through exten-407

sive experiments across multiple benchmarks, fol-408

lowing established settings (Lu et al., 2023; Chen409

et al., 2025). Our evaluation follows a bottom-up410

design, addressed by three key research questions:411

• RQ1: Can the TAGS Tagger accurately capture412

instruction intent and knowledge semantics?413

• RQ2: Does the hierarchical Tag Tree exhibit a414

coherent and interpretable structure?415

• RQ3: Do the TAGS sampling strategies effec-416

tively improve SFT performance?417

4.1 Tasks and Datasets.418

Tagger Evaluation. To evaluate the proposed tag-419

ger, we introduce TaggerEval, a human-aligned420

evaluation framework (Figure 4). We construct a421

benchmark of 100 high-quality samples spanning422

diverse domains, and use an powerful LLM3 to423

assess the generated tags along three binary dimen-424

sions, following (Lee et al., 2025):425

• Coverage evaluates whether each golden-truth426

concept is included in the generated tags.427

• Precision assesses whether each generated tag428

correctly reflects the input instruction.429

• Fine-grained measures whether each generated430

tag represents a fine-grained, atomic concept.431

3We utilize GPT-4.1 as our judge model.

You are an expert taxonomist. Your task is to evaluate hierarchical relationships
between  concepts. Please evaluate the relationship between the Parent and Child:

Parent Topic: {name}
Child Topic: {cluster_item}

Criteria:
- Return 1 if the Child Topic is logically a sub-topic, component, or relevant 
instance of the Parent Topic.
- Return 0 if the Child Topic is unrelated or clearly incorrect under this parent.

Output format: Return ONLY the single digit (0 or 1). 

Instance-Level
You are an expert taxonomist and data evaluator. Your task is to evaluate if 
a given Topic Name  accurately reflects a list of 'Contained Clusters'.
Please evaluate the following:

Topic Name: {name}
Contained Clusters: {clusters_str}

Criteria:
- Return 1 if the Topic Name is a high-quality, accurate summary that 
encompasses the Contained Clusters.
- Return 0 if the Topic Name is irrelevant, misleading, or fails to cover the 
main themes of the clusters.

Output format: Return ONLY the single digit (0 or 1). 

Cluster-Level
TreeEval

TaggerEval
Coverage Precision Fine-grained

Figure 4: The TaggerEval and TreeEval Frameworks.

We report the average score on these metrics as 432

the tagger performance. To ensure evaluation re- 433

liability, we also report Cohen’s kappa (Sim and 434

Wright, 2005; Zlabinger et al., 2020) between the 435

LLM judge and human ratings. 436

Tree Evaluation. To ensure the semantic coher- 437

ence of our taxonomy, we introduce TreeEval, as 438

shown in Figure 4. We construct a benchmark con- 439

sisting of 200 randomly sampled tag-parent pairs 440

and 50 parent clusters to assess structural quality 441

from two perspectives: 442

• Instance-Level verifies whether the tags are log- 443

ical sub-topics of their assigned clusters. 444

• Cluster-Level checks whether the cluster name 445

captures the shared semantics of its children. 446

Similar to TaggerEval, we employ LLM to score 447

these samples based on binary correctness. 448

Data Sampling Evaluation. We conducted ex- 449

periments on the Tulu3 dataset (Lambert et al., 450

2024) using Qwen3 models (Yang et al., 2025) 451

of various sizes. Model performance was com- 452

prehensively evaluated using knowledge-intensive 453

and human-preference benchmarks. Evaluations 454

were performed with OpenCompass (Contributors, 455

2023), and average results are reported as normal- 456

ized scores in percentage. 457

• Knowledge-intensive Benchmarks: We exam- 458

ine the model’s factual knowledge, reasoning, 459

coding, math, and instruction-following abilities 460

across ARC (Clark et al., 2018), BBH (Suzgun 461

et al., 2023), MMLU (Hendrycks et al., 2020), 462

HumanEval (Chen, 2021), GSM8k (Cobbe et al., 463

2021), and IFEval (Zhou et al., 2023b). 464

• Human-preference Benchmarks: We assess 465

model’s open-ended performance on AlpacaE- 466

valv2 (Dubois et al., 2024), MTBench (Zheng 467

et al., 2023b), and WildBench (Lin et al., 2024). 468

• Baselines: We compare our methods against 469

strong data selection baseline including: random 470

selection (Xia et al., 2024), IFD (Li et al., 2024a), 471

#InsTag (Lu et al., 2023), DEITA (Liu et al.), 472

CaR (Ge et al., 2024), QDIT (Bukharin et al., 473

2024) and MIG (Chen et al., 2025). 474
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Base Model Method DataSize ARC BBH GSM HE MMLU IFEval Avgobj AE MT Wild Avgsub Avg

Qwen3-8B

Pool 939K 88.47 69.71 88.86 77.44 75.27 69.87 78.27 9.69 7.34 44.52 42.54 60.40

Random 50K 80.68 72.29 90.75 82.93 78.60 64.14 78.23 9.44 7.51 41.74 42.09 60.16
IFD 50K 90.85 77.65 91.36 81.71 78.79 57.12 79.58 15.16 7.62 42.32 44.56 62.07
#InsTag 50K 85.42 70.78 90.75 80.49 78.81 60.63 77.81 10.68 7.67 42.16 43.18 60.50
DEITA 50K 60.00 71.59 92.65 85.37 78.61 60.44 74.78 14.04 7.62 44.16 44.80 59.79
CaR 50K 79.66 73.40 91.36 82.32 78.91 56.19 76.97 13.29 7.49 42.52 43.57 60.27
QDIT 50K 76.95 77.40 90.67 81.71 78.82 58.23 77.30 14.04 7.41 40.90 43.01 60.16
MIG 50K 76.61 74.49 91.51 79.88 79.04 65.80 77.89 16.65 7.59 43.49 45.35 61.46

Ours 50K 86.78 74.22 91.51 82.32 78.75 66.91 80.08 20.12 7.85 44.76 47.79 63.93

Qwen3-4B

Random 50K 85.42 67.75 89.23 78.05 75.29 61.18 76.15 9.07 7.25 38.16 39.91 58.03
IFD 50K 91.53 72.40 78.17 76.22 75.23 57.86 75.23 15.65 7.26 40.15 42.80 59.02
#InsTag 50K 84.07 66.88 86.96 78.66 75.35 63.59 75.92 9.57 7.38 38.26 40.54 58.23
DEITA 50K 76.95 67.83 81.35 78.66 75.56 63.22 73.93 8.20 7.26 38.14 39.64 56.78
CaR 50K 91.86 68.51 79.30 77.44 75.26 54.90 74.54 13.54 7.33 38.80 41.88 58.21
QDIT 50K 91.19 72.90 85.06 76.83 75.16 58.78 76.65 12.80 7.24 38.86 41.35 59.00
MIG 50K 91.53 72.10 70.43 81.10 75.47 65.80 76.07 14.04 7.64 40.66 43.70 59.88

Ours 50K 92.54 70.78 89.69 76.83 75.33 66.73 78.65 14.78 7.34 40.98 43.05 60.85

Qwen3-1.7B

Random 50K 78.64 51.68 77.26 65.85 64.33 42.14 63.32 4.84 6.64 25.02 32.09 47.70
IFD 50K 78.31 53.92 54.97 67.07 64.20 35.49 58.99 6.21 6.60 25.46 32.56 45.77
#InsTag 50K 78.31 50.88 77.26 66.46 64.27 43.44 63.44 5.09 6.51 26.17 32.12 47.78
DEITA 50K 71.53 51.42 62.55 65.85 64.29 42.33 59.66 5.22 6.33 25.40 31.31 45.48
CaR 50K 71.86 52.70 73.77 61.59 64.36 38.45 60.45 6.46 6.43 26.42 32.40 46.42
QDIT 50K 76.95 54.62 58.07 67.07 64.13 37.71 59.76 7.08 6.26 24.49 31.39 45.58
MIG 50K 80.34 53.53 78.77 66.46 64.00 44.36 64.58 9.69 6.54 27.92 34.34 49.46

Ours 50K 82.03 54.31 80.14 67.68 63.31 48.43 65.98 10.93 6.76 29.83 36.12 51.05

Table 1: Comparison of data selection methods on Tulu3 pool. Avg is mean of Avgobj and Avgsub. TAGS achieves
best performance across all base models.

Method Coverage Precision Fine-grained Avg.
#InsTagger 0.4527 0.2514 0.1286 0.2776

Ours(w/o Act-Critic ) 0.7387 0.7815 0.6328 0.7177
Ours(w Act-Critic ) 0.7623 0.817 0.7793 0.7862
kappa (vs human) 0.7069 0.7826 0.7218 -

Table 2: Tag Performance Between Different Taggers.

4.2 Main Results & Analysis475

4.2.1 Analysis of Tagger Performance476

Q1: How does the proposed TAGS Tagger perform477

compare with baselines?478

As shown in Table 2, the TAGS Tagger consis-479

tently outperforms #InsTagger across all metrics,480

achieving a +183.21% relative improvement in the481

average score and demonstrating substantial gains482

in coverage, precision, and granularity.483

Q2: What is the impact of Act-Critic pipeline?484

Ablation studies further confirm the necessity of485

the Act-Critic design. Compared to the direct486

prompting baseline (w/o Act-Critic), employing487

the Act-Critic pipeline (w/ Act-Critic) yields con-488

sistent gains across all dimensions (average gain of489

+9.54%). This validates that the Act-Critic mech-490

anism effectively enhance data synthesis perfor-491

mance, as validated in (Madaan et al., 2023).492

4.2.2 Analysis of Hierarchical Clustering493

Q3: Is the constructed Tag Tree reliable?494

Results in Table 3 demonstrate the high reliability495

of our taxonomy. The constructed hierarchy attains496

Method Cluster-Level Instance-Level
Hierarchical Clustering 98.00% 96.00%

Table 3: Hierarchical Clustering Performance.

strong validation scores, with 98.00% accuracy at 497

Cluster level and 96.00% at Instance level. These 498

results indicate that the parent–child relations are 499

both logically sound and semantically coherent. 500

4.2.3 Analysis of Data Sampling 501

Q4: How does the General Sampling perform re- 502

garding overall effectiveness and data efficiency? 503

As illustrated in Table 1, TAGS consistently out- 504

performs all baselines across objective and subjec- 505

tive metrics. Specifically, on the Qwen3-8B back- 506

bone, TAGS achieves the highest average score, sur- 507

passing the strongest baseline by +2.99% and the 508

Random selection baseline by +6.27%. Notably, 509

while maintaining competitive capability on knowl- 510

edge benchmarks (+0.63%), TAGS delivers a sub- 511

stantial breakthrough in human-preference align- 512

ment (+5.38%) compared to the strongest baseline. 513

This suggests that the general-purpose sampled, 514

diverse data significantly improves the model’s per- 515

formance on open-ended instructions. Crucially, 516

TAGS demonstrates a profound “less is more” phe- 517

nomenon: by utilizing only 5% of the data pool, it 518

outperforms the model trained on the full dataset 519

by +5.84%. This confirms that the tree-aware sam- 520
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Figure 5: Ablation studies on training data size, hyperparameter α of complicated score s, and γ value of Φ(x).

Method Data Size ARC GSM8K GPQA-Diamond
TAGS 10K 91.19 85.67 30.30

TAGS-Align 10K 93.90 89.69 31.83
Improvement - +2.97% +4.69% +5.06%

Table 4: Performance of aligned sampling strategy.

pling effectively identifies high-quality, diversity521

samples, eliminating redundancy and noise.522

Q5: Is the proposed strategy scalable across dif-523

ferent model sizes?524

TAGS demonstrates strong scalability, consistently525

ranking first across 1.7B, 4B, and 8B models, as526

shown in Table 1. Notably, it yields the largest527

gains on the 1.7B model, improving the average528

score by +3.21% over the best baseline, indicating529

its effectiveness independent of model scale.530

Q6: Is the Aligned Sampling strategy effective531

across diverse benchmarks?532

To verify adaptability, we map specific benchmarks533

(ARC (Clark et al., 2018), GSM8K (Cobbe et al.,534

2021), and GPQA-Diamond (Rein et al., 2024)) to535

Tag Tree and perform aligned sampling (set λ = 5)536

with a budget of 10k samples. As shown in Table 4,537

this strategy yields comprehensive improvements,538

boosting average performance by +4.24%. These539

results indicate that TAGS effectively aligns sam-540

pled data with diverse, target domains, enabling541

fine-grained steering of model capabilities toward542

specific domain constraints or user requirements.543

4.3 Ablation Study544

Q7: What are the contributions of the fine-545

grained tagger and the tree structure?546

To decouple the contributions of our key compo-547

nents, we compare three configurations as detailed548

in Table 5: (1) MIG, which serves as the base-549

line using coarse-grained tags without tag tree; (2)550

TAGS (w/o Tree), which employs our fine-grained551

tagger but relies on flat label graph; and (3) TAGS,552

which integrates both the fine-grained tagger and553

the hierarchical tag tree. The results reveal two554

key insights. First, the transition from coarse to555

Method DataSize Avgobj Avgsub Avg
MIG 50k 77.89 45.35 61.46

TAGS(w/o Tree) 50k 80.05 47.00 63.52
TAGS 50k 80.08 47.79 63.93

Table 5: Ablation study of TAGS.

fine-grained tagging (MIG vs. TAGS w/o Tree) 556

yields a substantial performance leap of +3.35%, 557

underscoring the critical importance of atomic data 558

representation. Second, incorporating the hierarchi- 559

cal structure (TAGS) provides further optimization, 560

particularly in subjective alignment, where it boosts 561

performance by +1.68%, raising the final average 562

score by +0.64%. These findings suggest that fine- 563

grained tags enable precise data assessment, while 564

the tag tree ensures diversity and balance. 565

Q8: How do key hyperparameters and data scale 566

affect the effectiveness of TAGS? 567

Figure 5 shows that TAGS performance peaks at 568

50K samples, indicating that selection is more crit- 569

ical than sheer scaling. While setting α = 1.0 570

improves average scores, incorporating complexity 571

(α = 0.8) yields the best results on challenging 572

reasoning tasks (BBH, MMLU) and open-ended 573

benchmarks (MT-Bench, WildBench), suggesting 574

that a 20% complexity weight helps select harder, 575

more informative samples. Additionally, setting 576

γ = 0.85 balances noise filtering with sample re- 577

tention. Detailed results are shown in the Table 9. 578

5 Conclusion 579

In this paper, we present TAGS, a framework 580

that integrates fine-grained tags into a hierarchi- 581

cal tree for controllable data selection. By orga- 582

nizing atomic tags into a global taxonomy, TAGS 583

enables sampling that balances data quality and 584

diversity. Extensive experiments show that TAGS 585

consistently outperforms strong baselines across di- 586

verse benchmarks, achieving superior performance 587

with only 5% of the original data, demonstrating 588

its efficacy for efficient instruction tuning. 589
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Limitations590

1. Tagger Data Scale: To balance performance591

with proprietary API costs, our Tagger was592

fine-tuned on a compact dataset of 53K sam-593

ples. While this effectively validates data effi-594

ciency, it precludes a comprehensive analysis595

of the Tagger’s scaling behavior on larger syn-596

thetic datasets.597

2. Model & Task Scope: Due to computa-598

tional constraints, our evaluation focuses on599

the Qwen3-1.7B, 4B, 8B series for SFT600

tasks. Verification on larger-scale models601

(e.g., Qwen3-30B) and other paradigms like602

Reinforcement Learning remains for future603

exploration.604
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A More TAGS Implementation Details 888

A.1 Baseline Settings 889

We adhere to the comparison settings established 890

by MIG (Chen et al., 2025) and utilize 50k sam- 891

pled instances from each MIG-released baseline 892

method4 to conduct a consistent and fair SFT eval- 893

uation. This setup ensures that all methods are 894

assessed under uniform data conditions, enabling a 895

direct comparison of their intrinsic capabilities. 896

A.2 Implementation Details 897

A.2.1 Tagger Training. 898

We first collect 53k Supervised Fine-Tuning sam- 899

ples synthesized by GPT-o4-mini using an Ac- 900

tor–Critic pipeline to train the TAGS Tagger, and 901

then further fine-tune it on Qwen3-8B-Instruct5 . 902

The distribution of the training data is summarized 903

in Table 7. For non-complex queries, we apply 904

uniform sampling over the entire pool. For com- 905

plex queries, we perform uniform sampling from 906

several inherently high-difficulty datasets spanning 907

the Math, Code, and STEM domains: 908

• Math: AIME and ArenaHard-Math. 909

• Code: ArenaHard-Coding. 910

• STEM: SuperGPQA. 911

4https://huggingface.co/collections/xsample/
mig-datasets

5https://huggingface.co/Qwen/Qwen3-8B
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A.2.2 Tree Constructing.912

We adopt the bottom-up hierarchical clustering al-913

gorithm described in Clio (Tamkin et al., 2024).914

Starting from 7M high-quality open-source sam-915

ples (Teknium, 2023; Xu et al., 2024; LI et al.,916

2024; Xu et al., 2025; Li et al., 2025), we first ap-917

ply the TAGS Tagger to extract fine-grained tags.918

To ensure computational efficiency at scale, we919

use all-mpnet-base-v26 as the encoder to perform920

an initial coarse-grained clustering, reducing the921

data into 10,000 preliminary clusters. We then em-922

ploy Qwen3-30B-A3B-25077 to summarize, dedu-923

plicate, reassign, and rename cluster labels, pro-924

ducing cleaner and more semantically coherent tag925

groups. After this refinement step, we further apply926

Qwen3-Embedding-0.6B8 to conduct subsequent927

clustering, which provides a better balance between928

clustering quality and computational cost. This929

multi-stage pipeline ultimately yields a 10-level930

hierarchical tree, offering a structured and inter-931

pretable organization of the underlying data space.932

A.2.3 TAGS Sampling & Training.933

We sample 50k training instances from the full934

939k Tulu3 dataset (Lambert et al., 2024) and use 8935

GPUs to accelerate both the sampling process and936

the subsequent SFT training. In the initial stage937

of sampling, we initialize G as a zero vector. For938

training stage, we set the batch size to 128, learn-939

ing rate to 5e-6, warmup ratio to 0.03, and the940

maximum length to 8192. The implementation is941

conducted using the Swift framework (Zhao et al.,942

2024). As shown in Table 6, General Sampling is943

extremely efficient, occupying less than 0.2% of944

the full training time while selecting a high-quality945

50k subset. Even for Aligned Sampling, which946

involves complex KL-divergence calculations, the947

computational overhead remains minimal, ensuring948

practical usability. Additionally, our sampling strat-949

egy compresses the total training time to 5%, yet950

achieves superior performance, fully demonstrating951

its efficiency and practical value.952

B Detailed Experimental Results953

We present detailed experimental results across954

varying data scales (Table 8), hyperparameter α955

6https://huggingface.co/sentence-transformers/
all-mpnet-base-v2

7https://huggingface.co/Qwen/
Qwen3-30B-A3B-Thinking-2507

8https://huggingface.co/Qwen/
Qwen3-Embedding-0.6B

Stage Time(min)

General Sampling 3.13
Aligned Sampling 35.51

SFT(50k Data) 90.85
SFT(939k Data) 1810.53

Table 6: Computational Overhead of Sampling and
Training Phases.

(Table 9), hyperparameter γ (Table 10), and ab- 956

lation study of fine-grained Tagger and Tag Tree 957

(Table 5). 958

C Prompt Template 959

C.1 Tagging Data Synthesis 960

We instruct an LLM to act as GPT-Tagger for initial 961

tagging (Table 12), then act as a GPT-Checker for 962

tag refinement (Table 13) to synthesize high-quality 963

tagger training data. 964

C.2 TaggerEval 965

We prompt an LLM as a judge to evaluate the gen- 966

erated tags from coverage (Table 14), precision 967

(Table 15), fine-grained (Table 16) dimensions. 968

C.3 TreeEval 969

We further prompt the LLM to evaluate the con- 970

structed Tag Tree from Instance-Level (Table 17) 971

and Cluster-Level (Table 18) dimensions. 972
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Domain Quantity Source

General 10K Magpie-Pro (Xu et al., 2024), Infinity-Instruct (Li et al., 2025), OpenHermes (Teknium, 2023), . . .

Math 10K NuminaMath-1.5 (LI et al., 2024), DeepMath-103K (He et al., 2025), Aqua-Rat (Ling et al., 2017), . . .

Code 10K TACO (Li et al., 2023), KODCode (Xu et al., 2025), LeetCodeDataset (Xia et al., 2025), . . .

STEM 10K Natural-Reasoning (Yuan et al., 2025), MegaScience (Xu et al., 2024), SciRiFF (Wadden et al., 2025), . . .

Chat 10K lmsys-Chat (Zheng et al., 2023a)

Complex 3k AIME (Veeraboina, 2023), ArenaHard(Math, Coding) (Li et al., 2024b), SuperGPQA (Team et al., 2025), . . .

Table 7: Domain distribution and source datasets used in tagger training.

Method DataSize ARC BBH GSM HE MMLU IFEval Avgobj AE MT Wild Avgsub Avg

TAGS

10k 91.19 70.15 85.67 69.51 78.49 60.44 75.91 18.63 7.74 43.77 46.60 61.25
20k 85.42 70.16 86.88 79.27 76.74 65.06 77.26 22.11 7.85 45.62 48.74 63.00
50k 86.78 74.22 91.51 82.32 78.75 66.91 80.08 20.12 7.85 44.76 47.79 63.93
75k 86.78 74.00 91.51 82.32 78.74 68.39 80.29 17.02 7.68 44.16 45.99 63.14
100k 84.07 73.27 91.66 81.10 79.01 71.16 80.04 15.78 7.38 42.58 44.06 62.05

ALL 939k 88.47 69.71 88.86 77.44 75.27 69.87 78.27 9.69 7.34 44.52 42.54 60.74

Table 8: Performance comparison of different data size on objective and subjective benchmarks.

Method DataSize ARC BBH GSM HE MMLU IFEval Avgobj AE MT Wild Avgsub Avg
TAGS (α=0.0) 50K 80.34 73.82 78.24 84.15 78.89 60.07 75.92 10.93 7.28 41.96 41.90 58.91
TAGS (α=0.5) 50K 85.08 73.59 91.13 84.76 78.89 68.95 80.40 16.02 7.53 43.29 44.87 62.64
TAGS (α=0.8) 50K 86.78 74.22 91.51 82.32 78.75 66.91 80.08 20.12 7.85 44.76 47.79 63.93
TAGS (α=1.0) 50K 87.80 74.12 92.19 84.15 78.71 72.27 81.54 20.75 7.67 44.40 47.28 64.41

Table 9: Performance comparison of different hyperparameter α on objective and subjective benchmarks.

Method DataSize ARC BBH GSM HE MMLU IFEval Avgobj AE MT Wild Avgsub Avg
TAGS (γ = 0.80) 50K 89.83 73.86 92.42 82.93 79.02 69.69 81.29 19.13 7.55 44.38 46.34 63.81
TAGS (γ = 0.85) 50K 86.78 74.22 91.51 82.32 78.75 66.91 80.08 20.12 7.85 44.76 47.79 63.93
TAGS (γ = 0.90) 50K 86.44 75.02 91.05 78.66 78.79 69.50 79.91 19.38 7.59 44.86 46.71 63.31

Table 10: Performance comparison of different hyperparameter γ on objective and subjective benchmarks.

Method DataSize ARC BBH GSM HE MMLU IFEval Avgobj AE MT Wild Avgsub Avg
MIG 50K 76.61 74.49 91.51 79.88 79.04 65.80 77.89 16.65 7.59 43.49 45.35 61.46
TAGS(w/o Tree) 50K 85.08 74.05 91.58 83.54 78.98 67.10 80.05 20.25 7.58 44.95 47.00 63.52
TAGS 50K 86.78 74.22 91.51 82.32 78.75 66.91 80.08 20.12 7.85 44.76 47.79 63.93

Table 11: Detailed performance of ablation study on objective and subjective benchmarks.
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Instruction template for GPT-Tagger

You are a general knowledge extraction expert. Given a problem and its corresponding solution (which can be code, natural language, or other forms), your
task is to identify all the fine-grained and atomic-level knowledge components involved.

Improvement Guidance
- Previous Tag: {old_tags}
- Improvement Hint: {improvement_reason} - If "None": This is a cold start, generate tags normally.
- If not "None": This is feedback from the checker, refine your output accordingly.
- For tags without explicitly identified issues, please keep them as they are. Only adjust the parts where problems are indicated.

You must consider multiple dimensions, including but not limited to:

* **Problem Domain** (e.g., "Number Theory", "Greedy Algorithms", "Ancient Rome History"),
* **Problem Type** (e.g., "Calculation", "Proof", "Code Implementation", "Conceptual Explanation", "Dialogue Response"),
* **Knowledge / Skill Points** (e.g., "Greatest Common Divisor", "Prime Factorization", "Binary Search", "Close Reading"),
* **User Intent** (e.g., "Learning a concept", "Practical application", "Exam preparation"),

Each knowledge point must be:

* **Atomic**: the smallest meaningful concept or technique involved.
* **Precise**: no vague categories like "Math" or "Data Structures".
* **Unabbreviated**: e.g., use "Dynamic Programming" instead of "DP".
* **Non-overlapping**: do not include multiple tags that describe the same idea with slight variation; only one representative tag should be included.
* **Core-only**: include only the most essential knowledge points necessary to understand or implement the solution. Do not include secondary or
peripheral techniques unless they are critical.
* **Specifically Naming**: Your tag should be specific, include the core concept and entities into the tag.
* **Focus** on the user’s primary intent while ignoring irrelevant context.
* If the problem is in a multi-turn dialogue format, use the previous conversation history as contextual background, but focus primarily on the current query.
* **Maximally concise**: output no more than *5* knowledge points.

Output Format

Return your results as a list of dictionaries, where each dictionary includes

* ‘’tag’‘: the name of the knowledge point
* ‘’explanation’‘: a brief and accurate explanation of its role in the problem and solution

**Example**

Problem: Find the GCD of 84 and 60
Reference Answer: Let’s find the **GCD (Greatest Common Divisor)** of 84 and 60. Step 1: Prime factorization* 84 = 2 × 2 × 3 × 7 =

22 × 31 × 71* 60 = 2 × 2 × 3 × 5 = 22 × 31 × 51 Step 2: Take the lowest powers of common primesprimes: 2 and 3* 2min(2,2) = 22 = 4*
3min(1,1) = 31 = 3multiply:

4 × 3 = 12

**GCD(84, 60) = 12**
Output:
{{"tag": "Greatest Common Divisor", "explanation": "The problem requires computing the largest integer that divides both 84 and 60."}}, {{"tag":
"Prime Factorization", "explanation": "One method of finding the GCD involves decomposing numbers into their prime factors."}}, {{"tag": "Euclidean
Algorithm", "explanation": "An efficient iterative method to compute the GCD without full factorization."}}

Problem: Where is the Peking University
Reference Answer: No. 5 Yiheyuan Road, Haidian District, Beijing, China.
Output:
{{"tag": "Peking University Location", "explanation": "Identifying the geographical location of Peking University, including its city and district."}},
{{"tag": "Beijing Geography", "explanation": "Knowledge of the layout and districts of Beijing to contextualize the university’s location."}}, {{"tag":
"Higher Education Institutions in China", "explanation": "Understanding the placement and distribution of major universities in China for reference."}}

Problem:Which Sun sign, Rising sign, and Moon sign does a person born on September 17 (Gregorian calendar) belong to? Why are there differences
among them?
Reference Answer:Sun sign: Virgo (because September 17 falls within the Virgo date range). Rising sign (Ascendant): Requires the **exact time and
place of birth** to determine. Moon sign: Also requires the **exact time and place of birth** to calculate. The Sun sign depends only on the birth date,
while the Rising sign and Moon sign vary with the **specific birth time and location**, as they change much more rapidly.

Output:
{{"tag": "Sun Sign Determination", "explanation": "Identifying the sun sign based on the Gregorian date of birth"}}, {{"tag": "Ascendant Sign Calculation",
"explanation": "Determining the rising sign based on precise birth time and location"}}, {{"tag": "Moon Sign Calculation", "explanation": "Determining
the moon sign based on the moon’s position at the time of birth"}}, {{"tag": "Astrological Principles", "explanation": "Understanding why sun sign, moon
sign, and ascendant can differ due to celestial mechanics and astrological rules"}}

**Now analyze the following input and return the list of atomic knowledge points. You should only output the final json. **

### Problem:

{problem}

### Reference Answer:

{reference_answer}

### Output: ”’

Table 12: Instruction template for GPT-Tagger Eval.
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Instruction template for GPT-Checker

You are a tag validation expert.
You are given a problem description, reference answer and the extracted tag results.
Your task is to **evaluate the tag results** based on the following criteria:

## Validation Criteria
1. **Output Format**:
- Must be a JSON object.
- "tags" must be a list of dictionaries, each with fields "explanation" and "tag".

2. **Content Reasonableness**:
- Tags must match the problem description.
- Tags must be meaningful and reasonably specific.

3. **Accuracy and Granularity**:
- No vague categories (e.g. "Math" or "Data Structures").
- Tags should not be overly broad (e.g. "Probability") nor overly fine-grained (e.g. "apply addition
in Bayes formula").
- Aim for an appropriate middle-level granularity (e.g. "Discrete Event Probability", "Binary
Search Tree Traversal", "Video file handling in Python").
- Tags must be correct, contains the core constraints and relevant to the problem.

4. **Coverage**:
- Tags should cover the **essential core knowledge points** required to understand or solve the
problem.
- Maximum 5 tags; unnecessary extra tags should not appear.

## Your Task
- If the output fully satisfies the criteria, respond with:
"check":"Yes"

- If the output fails in any aspect, respond with:
"check":"No", "Reason": "<concise reason for failure, with direct guidance to refine the tagging>"

—
### Problem:
{problem_description}

### Reference Answer:

{reference_answer}
### Extracted Tags:
{tag_output}

Table 13: Instruction template for GPT-checker.
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Instruction template for Coverager Eval

You are given two tag lists:
1. **Raw Tags**: These are the ground-truth tags that represent concepts or labels in the data.
2. **Generated Tags**: These are tags automatically generated by a system.

Your task is to check whether each raw tag is **covered** by the generated tags. Please determine whether
each raw tag was covered by the generated tag.

Coverage criteria include:
1. Synonymous or closely related expressions If the generated tag expresses the same or very similar meaning as the raw
tag (including synonyms or paraphrases).
2. Containment relationship If the generated tag directly contains the core concept of the raw tag, it counts as
coverage.For example, "subarray counting" covers "array".
3. Hypernym-hyponym coverage If the generated tag is a more specific concept or includes the core meaning of the raw
tag, it is considered coverage. For example, "sliding window algorithm" covers "array".
4. Consistent domain terminology Different expressions of the same technical term count as mutual coverage. For
example, "greatest common divisor" and "GCD" cover each other.
5. Composite tag inclusion If the generated tag is a composite concept and its core includes the raw tag’s core term with
precise semantics, it counts as coverage. For example, "quick sort algorithm" covers "sorting".

Excluded cases (do not count as coverage):
Overly broad or generic tags are not considered coverage, even if they belong to the same general domain.
The generated tag must express a specific concept that directly includes or aligns with the raw tag’s meaning.

### Output format:
Return a dictionary, where each key is a raw tag, and the value is ‘1‘ if it is covered by any generated tag, otherwise ‘0‘.

### Example:
Raw Tags: ["Named Entity Recognition", "POS Tagging", "DFS"]
Generated Tags: ["Part-of-Speech Tagging", "NER"]
Output: {{ "Named Entity Recognition": 1, "POS Tagging": 1, "DFS": 0 }}

You should output the dict in str format only, no analysis. Please carefully consider the intrinsic relationship
between the generated tag and the raw tag, not just based on surface-level meaning. You may also make reasonable
inferences — for example, character-level operations can be considered part of the string category.

Now evaluate:
Raw Tags: {raw_tags}
Generated Tags: {generate_tags}

Table 14: Instruction template for Coverager Eval.
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Instruction template for Fine-grained Eval

You are given two tag lists:
1. **Raw Tags**: These are the ground-truth tags that represent concepts or labels in the data.
2. **Generated Tags**: These are tags automatically generated by a system.

Your task is to check whether each generated tag is **accurate**, meaning it correctly corresponds to at least one raw tag.

Accuracy criteria include:
1. Synonymous or closely related expressions
If the generated tag expresses the same or very similar meaning as any raw tag (including synonyms or paraphrases).
2. Containment relationship
If the generated tag directly contains the core concept of any raw tag, it counts as accurate. For example, "subarray
counting" is accurate if the raw tags contain "array".
3. Hypernym-hyponym relationship
If the generated tag is a more specific concept or includes the core meaning of a raw tag, it is considered accurate.
4. Consistent domain terminology
Different expressions of the same technical term count as mutual accuracy. For example, "greatest common divisor" and
"GCD" are accurate matches.
5. Composite tag inclusion
If the generated tag is a composite concept and its core includes the raw tag’s core term with precise semantics, it counts
as accurate.

Excluded cases (do not count as accurate):
- Overly broad or generic generated tags that do not specifically match any raw tag.
- Tags unrelated to any raw tag in meaning.

Output format:
Return a dictionary, where each key is a generated tag, and the value is ‘1‘ if it is accurate, otherwise ‘0‘.

Example:
Raw Tags: ["Named Entity Recognition", "POS Tagging", "DFS"]
Generated Tags: ["Part-of-Speech Tagging", "NER", "Graph Algorithm"]

Output:
{{ "Part-of-Speech Tagging": 1, "NER": 1, "Graph Algorithm": 0 }}

You should only output the dict in str format, donnot output analysis.

Now evaluate:
Raw Tags: {raw_tags}
Generated Tags: {generate_tags}

Table 15: Instruction template for Precision Eval.
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Instruction template for Precision Eval

You are given a list of generated tags.

Your task is to determine for each tag whether it is a **fine-grained** knowledge concept.

Criteria:
- Fine-grained tags are specific, well-defined concepts or techniques.
- Tags that are broad should be marked as not fine-grained.
- A moderate level of granularity is also acceptable — for example, ‘solving quadratic equations’ is considered
fine-grained.
- For example, "Quick Sort" is fine-grained, but "Sorting Algorithms" is not.

Output format:
Return a dictionary where each key is a generated tag, and the value is ‘1‘ if it is fine-grained, or ‘0‘ if not.

Example:
Generated Tags: ["Quick Sort", "Sorting Algorithms", "Graph Traversal"]

Output:
{{ "Quick Sort": 1, "Sorting Algorithms": 0, "Graph Traversal": 0 }}

Only output the dictionary in string format without any explanation.

Now evaluate:
Generated Tags: {generate_tags}

Table 16: Instruction template for Fine-grained Eval.

Instruction template for Instance-level Eval

You are an expert taxonomist. Your task is to evaluate hierarchical relationships between concepts. Please evaluate the
relationship between the Parent and Child:

Parent Topic: {name}
Child Topic: {cluster_item}

Criteria:
- Return 1 if the Child Topic is logically a sub-topic, component, or relevant instance of the Parent Topic.
- Return 0 if the Child Topic is unrelated or clearly incorrect under this parent.

Output format: Return ONLY the single digit (0 or 1).

Table 17: Instruction template for Instance-Level Eval.

Instruction template for Cluster-Level Eval

You are an expert taxonomist and data evaluator. Your task is to evaluate if a given Topic Name accurately reflects a list
of ’Contained Clusters’.
Please evaluate the following:

Topic Name: {name}
Contained Clusters: {clusters_str}

Criteria:
- Return 1 if the Topic Name is a high-quality, accurate summary that encompasses the Contained Clusters.
- Return 0 if the Topic Name is irrelevant, misleading, or fails to cover the main themes of the clusters.

Output format: Return ONLY the single digit (0 or 1).

Table 18: Instruction template for Cluster-Level Eval.
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