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Abstract

The Chain-of-Thought (CoT) paradigm has be-001
come a pivotal method for solving complex002
problems with large language models (LLMs).003
However, its application to domain-specific004
tasks remains challenging, as LLMs often fail005
to decompose tasks accurately or execute sub-006
tasks effectively. This paper introduces the Re-007
TASK framework, a novel theoretical model008
that Revisits LLM Tasks from cApability,009
Skill, and Knowledge perspectives, drawing010
on the principles of Bloom’s Taxonomy and011
Knowledge Space Theory. While CoT provides012
a workflow-centric perspective on tasks, Re-013
TASK introduces a Chain-of-Learning (CoL)014
paradigm that highlights task dependencies on015
specific capability items, further broken down016
into their constituent knowledge and skill com-017
ponents. To address CoT failures, we propose a018
Re-TASK prompting strategy, which strength-019
ens task-relevant capabilities through targeted020
knowledge injection and skill adaptation. Ex-021
periments across diverse domains demonstrate022
the effectiveness of Re-TASK. In particular, we023
achieve improvements of 45.00% on Yi-1.5-9B024
and 24.50% on Llama3-Chinese-8B for legal025
tasks. These results highlight the potential of026
Re-TASK to significantly enhance LLM per-027
formance and its applicability in specialized028
domains. We release our code and data at this029
url.030

1 Introduction031

As the scale of large language models (LLMs)032

continues to increase, their general capabilities033

in natural language processing (NLP) tasks have034

shown substantial improvements. However, despite035

these advances, these models often struggle with036

complex reasoning tasks, particularly those that037

are domain-specific. The Chain-of-Thought (CoT)038

technique (Wei et al., 2022; Wang et al., 2023b;039

Zhou et al., 2023) has emerged as a promising040

paradigm by decomposing complex tasks into a041

series of subtasks in a divide-and-conquer manner. 042

Yet, the application of CoT to domain-specific tasks 043

faces significant challenges in both task decompo- 044

sition (Kambhampati, 2024) and subtask execution 045

(Lightman et al., 2024) due to a lack of domain 046

knowledge and specialized capabilities. 047

The idea that an individual’s capabilities di- 048

rectly influence task performance is well supported 049

by educational theories, notably Bloom’s Taxon- 050

omy (Bloom, 2010) and Knowledge Space Theory 051

(KST) (Doignon and Falmagne, 1985). Bloom’s 052

Taxonomy outlines how educational objectives are 053

achieved through structured instructional activities, 054

each involving specific knowledge and cognitive 055

processes. Similarly, KST emphasizes the sequen- 056

tial dependencies between learning items, forming 057

“learning pathways” that guide learners from foun- 058

dational knowledge to mastery. 059

Building on these insights into the Chain-of- 060

Learning (CoL), we introduce the Re-TASK frame- 061

work, which revisits LLM tasks through the lenses 062

of capability, skill, and knowledge (see Figure 1(b)). 063

This framework posits that the successful comple- 064

tion of tasks1 depends on sequentially mastering 065

multiple capability items, with each item further 066

dissected into its constituent aspects of knowledge 067

and skills. 068

Our framework argues that failures in the CoT 069

paradigm, particularly in task decomposition and 070

subtask execution, stem from a lack of the neces- 071

sary capabilities, due to either insufficient knowl- 072

edge or inadequate knowledge-skill adaptation (ab- 073

breviated as skill adaptation). First, LLMs may 074

lack relevant knowledge due to limited access to 075

proprietary data or issues related to data timeliness. 076

Second, even when knowledge is available, LLMs 077

often struggle to apply it effectively because of in- 078

adequate knowledge-skill adaptation, resulting in 079

1We use the terms “task” and “subtask” interchangeably,
depending on the context.
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(a) Chain-of-Thought (CoT) (c) CoT with Re-TASK(b) Re-TASK Framework
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Figure 1: The Chain-of-Thought (CoT) provides a workflow perspective on tasks (blue arrow), while the Re-
TASK framework introduces a Chain-of-Learning view (red dashed arrow), demonstrating how tasks and subtasks
depend on various N capability items. Combining CoT with Re-TASK enhances CoT’s performance in both task
decomposition and subtask execution. Here, Cij represents the capability item associated with subtask i (where
i = 1, · · · , k), and C0j is associated with the overall task for task decomposition.

suboptimal performance. While techniques such as080

retrieval-augmented generation (Lewis et al., 2020)081

can inject knowledge into the context, models may082

still fail if there is insufficient skill adaptation to083

effectively utilize the retrieved knowledge.084

To address these issues, we propose integrating085

the CoT paradigm with the Re-TASK framework086

to improve LLM performance, as shown in Figure087

1. Specifically, we identify core capability items088

linked to the overall task and its corresponding sub-089

tasks, then strengthen these capabilities through090

targeted knowledge injection and skill adaptation091

using a deliberately designed prompting strategy,092

Re-TASK prompting (see Figure 2). The capability093

items represent demonstrations of knowledge-skill094

adaptation, such as conceptual knowledge under-095

standing and procedural knowledge applying. No-096

tably, knowledge itself can be treated as a special097

capability item, as in the case of knowledge injec-098

tion through knowledge recalling or retrieving. We099

then adopt in-context learning (ICL) techniques100

(Brown et al., 2020; Dong et al., 2022) to enhance101

the corresponding capabilities by carefully arrang-102

ing these demonstrations within the prompt.103

We conduct extensive experiments with open-104

source LLMs to evaluate the effectiveness of the105

Re-TASK framework in enhancing CoT perfor-106

mance across various domain-specific tasks. By107

incorporating relevant capability items that inject108

domain knowledge or improve skill adaptation, we109

observe significant improvements in task perfor-110

mance. Additionally, we extend our experiments to111

LLMs of different scales, demonstrating that while 112

model capabilities generally improve with scale, 113

the Re-TASK framework continues to enhance per- 114

formance effectively. 115

Our main contributions are summarized as fol- 116

lows: 117

• We introduce the Re-TASK framework, a 118

novel theoretical model that revisits LLM 119

tasks from the perspectives of capability, skill, 120

and knowledge, offering a Chain-of-Learning 121

view of tasks. 122

• Our research reveals that many failures of the 123

CoT approach in addressing domain-specific 124

tasks stem from insufficient knowledge or in- 125

adequate skill adaptation. 126

• We propose the Re-TASK prompting strat- 127

egy, which integrates CoT with the Re-TASK 128

framework to enhance LLM performance us- 129

ing in-context learning techniques. 130

• Extensive experimental results demonstrate 131

the effectiveness of the Re-TASK framework. 132

2 Related Work 133

2.1 Educational Theories 134

Bloom’s Taxonomy (Bloom, 2010) provides a foun- 135

dational framework that links learning objectives 136

with instructional activities. It posits that achieving 137

learning goals requires the completion of multiple 138

interconnected activities, categorized along two key 139
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dimensions: knowledge and cognitive processes.140

The knowledge dimension outlines four types of141

knowledge: factual, conceptual, procedural, and142

metacognitive. The cognitive process dimension es-143

tablishes a hierarchy of cognitive skills, encompass-144

ing six levels—remember, understand, apply, ana-145

lyze, evaluate, and create—each linked to specific146

cognitive processes, totaling 19 distinct actions. By147

integrating these dimensions, Bloom’s Taxonomy148

serves as a comprehensive guide for educators to149

design curricula and instructional strategies that150

foster deeper understanding and encourage higher-151

order thinking in students.152

Knowledge Space Theory (KST) (Doignon and153

Falmagne, 1985; Falmagne et al., 2013; Cosyn154

et al., 2021) offers a mathematical framework for155

modeling and assessing learners’ knowledge within156

a specific domain. It identifies various knowledge157

states, defined as sets of problems or concepts that158

a learner can successfully solve or understand. The159

entirety of these possible knowledge states forms160

the knowledge structure, which delineates the re-161

lationships among different states. Learning path-162

ways are the routes learners can take to transition163

from one knowledge state to another. By utilizing164

KST, educators can design effective educational in-165

terventions and personalized learning experiences,166

optimizing the learning process for each individual167

learner.168

Building on these foundational educational theo-169

ries, we propose the Re-TASK framework, which170

elucidates the dependence of tasks on various capa-171

bility items. Each capability item is further broken172

down into its constituent aspects of knowledge and173

skills, highlighting the intricate relationships that174

contribute to task performance.175

2.2 Knowledge and Skills in LLMs176

Several studies have explored LLMs from the177

perspectives of knowledge and skill. KoLA (Yu178

et al., 2023) emphasizes the importance of world179

knowledge for LLMs and establishes a knowledge-180

oriented evaluation benchmark. In its approach181

to ability modeling, KoLA simplifies and selects182

from Bloom’s learning theories to form four levels183

of knowledge-capability assessment: knowledge184

memorization, knowledge understanding, knowl-185

edge applying, and knowledge creating. Skill-it186

(Chen et al., 2024) posits that language models nat-187

urally acquire a sequence of skills from training188

data and formalizes the notion of a skill and an189

ordered set of skills in terms of associated data,190

differentiating this approach from traditional cur- 191

riculum learning (Bengio et al., 2009), which fo- 192

cuses on training models using progressively dif- 193

ficult examples. In continual pre-training experi- 194

ments, Skill-it’s ordered learning of skills achieves 195

faster convergence of validation loss compared to 196

random sampling. RA-DIT (Lin et al., 2023) intro- 197

duces a lightweight fine-tuning methodology that 198

improves retrieval-augmented language models by 199

enhancing both the relevance of retrieved knowl- 200

edge and its effective utilization, marking a spe- 201

cialized form of knowledge and skill enhancement. 202

MMLU (Hendrycks et al., 2020) serves as a bench- 203

mark designed to measure the possession of world 204

knowledge and problem-solving abilities. Reflect- 205

ing on these developments, Bengio and Hu (2023) 206

have emphasized the integration of the world model 207

and the inference machine in current LLMs. They 208

suggest that to reason effectively, a robust world 209

knowledge model and a powerful inference ma- 210

chine are necessary, advocating for their separation 211

and simultaneous development to enhance reason- 212

ing capabilities. 213

2.3 Prompting Strategies 214

Various prompting strategies have been proposed 215

to enhance model performance in solving complex, 216

domain-specific tasks. One prominent approach is 217

Chain-of-Thought (CoT) (Wei et al., 2022; Wang 218

et al., 2023b; Zhou et al., 2023), which decom- 219

poses a complex task into simpler subtasks, utiliz- 220

ing a divide-and-conquer strategy. Another notable 221

approach involves integrating LLMs with knowl- 222

edge. Some methods achieve this by retrieving 223

knowledge from external sources, such as Retrieval- 224

Augmented Generation (RAG) (Lewis et al., 2020; 225

Fan et al., 2024), while others enable the models to 226

generate knowledge internally, rather than relying 227

on retrieval (Liu et al., 2021). In-Context Learn- 228

ing (ICL) techniques (Brown et al., 2020; Dong 229

et al., 2022) represent a significant advancement 230

in prompting; ICL utilizes examples within the 231

prompt itself, enabling the model to learn from 232

context without the need for explicit retraining or 233

fine-tuning. 234

In contrast, we propose Re-TASK prompting, 235

which integrates CoT prompting with the Re-TASK 236

framework. This approach leverages ICL tech- 237

niques to enhance corresponding capabilities by 238

carefully arranging demonstrations of capability 239

items within the prompt, ultimately leading to im- 240

proved overall task performance. 241
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3 Re-TASK242

3.1 Re-TASK Framework243

We begin by defining several key concepts within244

our framework: tasks, capability items, knowledge,245

and skills. We then elucidate how these elements246

interconnect to establish the structured Re-TASK247

framework, as illustrated in Figure 1(b). These248

concepts parallel Bloom’s Taxonomy, where ed-249

ucational objectives—comparable to tasks in our250

framework—are systematically achieved through251

structured instructional activities, analogous to ca-252

pability items. Each instructional activity involves253

the acquisition of specific types of knowledge and254

engages distinct cognitive processes, thereby facili-255

tating knowledge-skill adaptation. The successful256

completion of an educational objective, or task, de-257

pends on mastering various capability items, each258

developed through these instructional activities.259

Knowledge Space Theory (KST) further reinforces260

this structured approach by highlighting sequential261

dependencies among capability items.262

Definition 1 (Task) A task T is defined as a spe-263

cific objective that LLMs are designed to achieve,264

characterized by a mapping from input x to out-265

put y, facilitated by a task instruction I and an266

optional context ctx. Formally, this relationship267

is expressed as T(ctx; I;x) = y, where the semi-268

colon denotes concatenation of inputs.269

The optional context ctx can be leveraged for270

knowledge injection or skill adaptation. By iden-271

tifying corresponding capability items and incor-272

porating a list of capability item demonstrations273

into ctx, this method aligns closely with in-context274

learning. In the Chain-of-Thought (CoT) paradigm,275

a task can be decomposed into a series of subtasks.276

Definition 2 (Knowledge) A knowledge point K277

is defined as a text segment containing domain-278

specific knowledge that is essential for the perfor-279

mance of a task/subtask. In the context of LLMs,280

the knowledge K can also be implicit knowledge281

encoded within the model’s parameters.282

According to Bloom’s Taxonomy, we consider283

three types of domain knowledge: factual, con-284

ceptual, and procedural2. Each type plays a distinct285

role in task execution, contributing differently to286

the LLM’s ability to process and respond to task-287

specific demands.288

2Metacognitive knowledge is beyond the scope of LLMs
and is not our primary focus.

Definition 3 (Skill) A skill S corresponds to the 289

cognitive processes in Bloom’s Taxonomy and is 290

developed through related instructional activities, 291

including knowledge recalling/retrieving, under- 292

standing, applying, and others. 293

Definition 4 (Capability Item) A capability item 294

C, corresponding to the concept of instructional ac- 295

tivities in Bloom’s Taxonomy, is a specific exercise 296

or demonstration designed to guide LLMs in apply- 297

ing a particular skill S to the relevant knowledge 298

K, thereby facilitating knowledge-skill adaptation. 299

Successfully completing a task T requires the 300

sequential mastery of multiple capability items. 301

These items can be conceptualized as a chain of 302

learning, where dependencies among them are 303

clearly defined. Figure 1(c) illustrates these de- 304

pendencies. A task generally involves overall pro- 305

cedural knowledge (C01), with its resolution cor- 306

responding to a capability item (C02) that applies 307

this knowledge in a manner akin to a CoT process. 308

This procedural knowledge is further segmented 309

into subtasks, each linked to specific knowledge 310

and involving different capability items Cij . 311

Note that the knowledge K can be treated as 312

a special capability item with the default skill of 313

knowledge recalling or retrieving. Consequently, 314

the task and its subtasks depend on two types of ca- 315

pability items: knowledge recalling (the knowledge 316

itself) and knowledge-skill adaptation (e.g., knowl- 317

edge understanding and applying). For example, 318

a sentencing prediction task in law can be decom- 319

posed into two subtasks: the first involves assessing 320

the severity of the victim’s injuries, while the sec- 321

ond determines the sentence duration based on this 322

severity. For the first subtask, the capability item 323

C11 could represent knowledge of guidelines for 324

assessing severity (knowledge recalling), while C12 325

could demonstrate the application of C11 to assess 326

the severity of the victim’s injuries (knowledge- 327

skill adaptation), formatted as {Instruction; Input: 328

case description; Output: severity}. 329

3.2 Capability Item Construction 330

To effectively improve the performance of LLMs 331

in domain-specific tasks, identifying key capability 332

items is crucial. Our primary focus is on retrieving 333

relevant knowledge and enhancing the understand- 334

ing of conceptual knowledge along with the apply- 335

ing of procedural knowledge (i.e., knowledge-skill 336

adaptation). Below, we present exemplary capabil- 337

ity items for each category: 338
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Task request (instruction, input)

Re-TASK (Lite)
# Role Setting

# Capability items for the overall task
## 𝐶!": knowledge recalling
## 𝐶!#: knowledge applying (CoT Demo)

# Initialization

Task request (instruction, input)

Re-TASK (Full)
# Role Setting

# Capability items for subtasks
## 𝐶"": knowledge recalling
## 𝐶"#: knowledge understanding
## 𝐶#": knowledge recalling
## 𝐶##: knowledge applying
…

# Capability items for the overall task
## 𝐶!": knowledge recalling
## 𝐶!#: knowledge applying (CoT Demo)

# Initialization

Task request (instruction, input)

Task request (instruction, input)

Zero-shot CoT

Few-shot CoT

# Role Setting

# Role Setting

# Task Demonstration
## Random task demos w/ CoT

# Initialization

Figure 2: Comparison of prompting strategies: Zero-shot CoT, Few-shot CoT, Re-TASK (Lite) prompting with only
capability items for the overall task, and Re-TASK (Full) prompting incorporating all available capability items. In
Re-TASK prompting, a task or subtask may be associated with any number of capability items. Note that other
strategies, such as Self-Consistency (SC), are excluded for brevity.

1) Knowledge retrieval: This involves identi-339

fying the relevant knowledge points for a given340

task or subtask and retrieving them from exter-341

nal sources. It may also include recalling internal342

knowledge points stored within the LLM.343

2) Instances of conceptual knowledge: This in-344

volves providing examples that illustrate concep-345

tual knowledge, helping to deepen and reinforce346

understanding of conceptual knowledge.347

3) Execution of procedural knowledge: This ca-348

pability is crucial for tasks that involve following349

ordered steps or procedures, such as technical trou-350

bleshooting, recipe preparation, or complex calcu-351

lations. It represents the practical application of352

procedural knowledge.353

Notably, identifying the capability items associ-354

ated with a task is a straightforward process. For355

each task, we begin by determining the relevant356

knowledge points, followed by identifying the cor-357

responding skills required for effective task resolu-358

tion, either understanding or applying.359

3.3 Re-TASK Prompting360

By combining CoT with the Re-TASK framework,361

we can identify core capability items linked to the362

overall task and its corresponding subtasks, subse-363

quently strengthening these capabilities to enhance364

subtask performance and, ultimately, overall task365

performance. Specifically, we enhance the capa-366

bility items through targeted knowledge injection367

and skill adaptation using a deliberately designed368

prompting strategy known as Re-TASK prompting,369

as illustrated in Figure 2. The capability items serve370

as demonstrations of knowledge-skill adaptation,371

including knowledge recalling/retrieving, knowl-372

edge understanding, and knowledge applying.373

We carefully arrange the demonstrations within 374

the prompt according to their dependencies, follow- 375

ing the chain of learning. Specifically, we sequence 376

the capability items Cij for each subtask i. If multi- 377

ple items are associated with the same subtask, we 378

prioritize the knowledge itself (i.e., the capability 379

item of knowledge retrieval) first, followed by more 380

advanced items such as knowledge understanding 381

and applying. Finally, we include the overall proce- 382

dural knowledge C01 along with its applying C02 383

at the end of the prompt. 384

4 Experimental Setup 385

4.1 Tasks and Datasets 386

We selected the sentencing prediction task in the 387

law domain, the financial course examination task 388

in the finance domain, and multiple-choice ques- 389

tion tasks in three STEM domains—mathematics, 390

biology, and physics—to validate the effectiveness 391

of the Re-TASK framework. 392

The sentencing prediction task in the law do- 393

main involves predicting the appropriate sentencing 394

range for criminal offenders based on the factual de- 395

scriptions in criminal cases. This process requires a 396

comprehensive understanding of legal statutes and 397

sentencing principles, making it a suitable chal- 398

lenge for validating the Re-TASK framework. For 399

dataset construction, we utilized the publicly avail- 400

able CAIL dataset (China AI Law Challenge) (Xiao 401

et al., 2018), sampling 200 test instances. More 402

details are presented in the Appendix C.1. 403

In the finance domain, we selected the financial 404

course examination task in the FinanceIQ dataset 405

(Zhang et al., 2023). The FinanceIQ dataset as- 406

sesses LLMs’ knowledge and reasoning abilities in 407
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financial contexts, evaluating their grasp of domain-408

specific knowledge. The financial dataset consists409

of multiple-choice questions, and the test set for410

the FinanceIQ dataset contains 178 instances.411

To evaluate the reasoning capabilities in STEM412

fields, we conducted experiments on the MMLU-413

Mathematics, Biology, and Physics benchmarks414

(Hendrycks et al., 2020) to evaluate the correspond-415

ing reasoning capabilities. The test sets for these416

benchmarks contain 276, 144, and 102 multiple-417

choice questions, respectively. During dataset con-418

struction, a few mathematics questions entered an419

infinite loop while generating capability items. As420

a result, we removed these instances from the math-421

ematics dataset. Further details can be found in the422

Appendix C.3.423

4.2 Settings424

Given that both the legal and financial datasets425

are in Chinese, we opted for popular Chinese426

LLMs. Specifically, we selected the chat versions427

of Qwen1.5 (Bai et al., 2023), Llama3-Chinese428

(Cui, 2023), and Yi-1.5 (Young et al., 2024) for val-429

idation. For the mathematics, biology, and physics430

datasets, which are in English, we employed a dif-431

ferent set of LLMs, including Llama3 (Dubey et al.,432

2024), Mistral (Jiang et al., 2023), and Qwen1.5, to433

validate our results. To further verify the scalabil-434

ity of our framework, we conducted experiments435

with LLMs of varying scales, using the Qwen1.5436

series with 7B, 14B, and 32B parameters on the437

legal dataset. More setting details are offered in the438

Appendix B.2.439

We developed Re-TASK prompting strategies440

that integrate demonstrations of capability items441

to validate their effectiveness in improving the per-442

formance of CoT on domain-specific tasks. Our443

baselines include Zero-shot CoT, Few-shot CoT,444

Plan-and-Solve (Wang et al., 2023a) and STEP-445

BACK (Zheng et al., 2023). We evaluated the446

performance of Few-shot CoT under two settings:447

1-shot and 3-shot learning, to align with the Re-448

TASK (Lite) and Re-TASK (Full) strategies, re-449

spectively. Additionally, we evaluated the perfor-450

mance of Zero-shot CoT with self-consistency. The451

prompt templates are illustrated in Figure 2. Some452

prompt templates are shown in the Appendix D.453

4.3 Construction of Capability Items454

We utilized LLMs to assist in decomposing tasks455

and generating the capability items involved in Re-456

TASK. First, we predefined the capability types457

for each task based on the definition in Section 458

3.2 and then leveraged larger LLMs, which are 459

presumed to possess sufficient domain knowledge, 460

to automatically generate these items. 461

We began by employing LLMs to decompose 462

the tasks, which resulted in the identification of 463

the overall procedural knowledge (C01). Next, we 464

instructed the LLMs to create a CoT demonstra- 465

tion using the generated knowledge as a knowledge 466

applying capability item (C02). Task decomposi- 467

tion also guides the creation of capability items for 468

each subtask. For each subtask i, we instructed the 469

LLMs to generate relevant conceptual or procedu- 470

ral knowledge (Ci1). For conceptual knowledge, 471

we requested illustrative examples to enhance un- 472

derstanding, while for procedural knowledge, we 473

sought CoT demonstrations to illustrate effective 474

applying (Ci2). 475

For financial tasks, we followed the complete 476

procedure to generate capability items for both the 477

overall task and its corresponding subtasks. In 478

contrast, for other tasks, where the subtasks are rel- 479

atively straightforward and do not require complex 480

knowledge, we only generated capability items for 481

the overall tasks. 482

5 Experimental Results 483

We conducted extensive experiments across five 484

domains to validate the effectiveness of Re-TASK. 485

5.1 Law Domain 486

The results of the sentencing prediction task are 487

presented in Table 1. Notably, Re-TASK (Lite) 488

achieves the best performance across all set- 489

tings, surpassing Zero-shot CoT by an average of 490

27.17%. Re-TASK (Lite) also outperforms the self- 491

consistency version of Zero-shot CoT by a sub- 492

stantial margin of 26.84% on average. Specifically, 493

Re-TASK (Lite) demonstrates a remarkable im- 494

provement of 45.00% with the Yi-1.5-9B model. 495

Furthermore, when the knowledge item (C01) is 496

excluded from the demonstration count, Re-TASK 497

(Lite), with a single demonstration, shows signif- 498

icant gains compared to the 1-shot CoT strategy. 499

Step-Back also achieves a notable improvement, 500

outperforming Zero-shot CoT by 18.00%, though it 501

still lags behind Re-TASK (Lite) by 9.17%. These 502

results underscore the effectiveness of the Lite ver- 503

sion of Re-TASK prompting in the legal domain. 504

We further compared the token lengths generated 505

by different prompt strategies, including both the 506
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Table 1: Comparison of accuracy (%) across Zero-shot CoT, Few-shot CoT, and Re-TASK strategies in the law
domain. “Zero-shot CoT + SC” refers to Zero-shot CoT with self-consistency, and “n-shot CoT” refers to Few-shot
CoT with n randomly selected demonstrations.

Llama3-Chinese-8B Yi-1.5-9B Qwen1.5-7B Average Gain

Traditional
CoT

Zero-shot CoT 54.00 40.00 33.50 -
Zero-shot CoT + SC 54.50 40.50 33.50 +0.33

1-shot CoT 53.67 66.50 36.17 +9.61
3-shot CoT 56.33 70.17 38.50 +12.50

Plan-and-Solve 54.50 33.50 45.00 +1.83
Step-Back 72.50 72.50 36.50 +18.00

Re-TASK Re-TASK (Lite) 78.50 85.00 45.50 +27.17

Table 2: Comparison of token length acorss various prompting strategies in the law domain.

Llama3-Chinese-8B Yi-1.5-9B Qwen1.5-7B

Traditional
CoT

Zero-shot CoT 526 510 431
1-shot CoT 1691 1185 1007
3-shot CoT 3104 2292 2176

Re-TASK Re-TASK (Lite) 1291 1071 967

7 14 32
Model Scale (# parameters in billions)

40

50

60

70

80

90

Ac
cu

ra
cy

 (%
)

Zero-shot CoT Re-Task (Lite)

Figure 3: Performance comparison of zero-shot CoT
and Re-TASK (Lite) across different scales of Qwen1.5
models (7B, 14B, and 32B) on the sentencing prediction
task.

prompt and the completion, to assess efficiency. As507

shown in Table 2, the inclusion of demonstrations508

generally resulted in an increase in token length.509

Specifically, the token length of Re-TASK (Lite)510

was comparable to that of 1-shot CoT and shorter511

than that of 3-shot CoT.512

5.1.1 Model Scaling513

To investigate the impact of model scales, we con-514

ducted experiments on the Qwen1.5 series. The515

results, presented in Figure 3, reveal a consistent516

trend: as model size increases, the performance517

of both prompting strategies improves. Notably,518

the inclusion of capability items led to significant519

and consistent gains in task performance. These520

findings underscore the limitations of LLMs in han-521

dling domain-specific tasks and demonstrate that522

our Re-TASK framework delivers substantial bene-523

fits even as model size scales.524

5.2 Financial Domain 525

As shown in Table 3, Re-TASK exhibits sub- 526

stantial performance gains across all models in 527

the FinanceIQ task. Baseline methods without 528

demonstrations, including Zero-shot CoT, Zero- 529

shot CoT with self-consistency, Step-Back, and 530

Plan-and-Solve strategies, show minimal improve- 531

ment. In contrast, Re-TASK (Lite) and Re-TASK 532

(Full) achieve notable average improvements of 533

5.06% and 14.61% over Zero-shot CoT, respec- 534

tively. Specifically, Re-TASK (Lite) demonstrates 535

an improvement of 19.67% with the Yi-1.5-9B 536

model and 16.29% with the Llama3-Chinese-8B 537

model. Furthermore, when comparing the number 538

of demonstrations, Re-TASK (Lite) outperforms 539

the 1-shot CoT strategy by 1.46%, while Re-TASK 540

(Full) surpasses the 3-shot CoT strategy by 11.31%, 541

highlighting the effectiveness of our added capa- 542

bility item components. Collectively, these results 543

underscore the pivotal role and remarkable efficacy 544

of Re-TASK in improving task performance. 545

5.3 STEM Domains 546

The results for MMLU-Math, MMLU-Biology and 547

MMLU-Physics are presented in Table 4. Re- 548

TASK (Lite) demonstrates significant performance 549

gains across all three datasets, particularly in the 550

biology domain, where it outperforms Zero-shot 551

CoT by an average of 18.29%. In contrast, the 552

self-consistency and plan-and-solve methods show 553

inconsistent performance, with occasional improve- 554

ments but no consistent gains overall. Moreover, 555
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Table 3: Comparison of accuracy (%) across different prompt strategies on FinancelQ dataset.

Llama3-Chinese-8B Yi-1.5-9B Qwen1.5-7B Average Gain

Traditional
CoT

Zero-shot CoT 36.52 53.93 43.82 -
Zero-shot CoT + SC 34.27 61.80 46.63 +2.81

1-shot CoT 34.69 64.33 46.07 +3.60
3-shot CoT 34.27 63.82 46.07 +3.30

Plan-and-Solve 30.34 66.29 41.01 +1.12
Step-Back 30.90 66.85 44.38 +2.62

Re-TASK Re-TASK (Lite) 38.20 61.80 49.44 +5.06
Re-TASK (Full) 52.81 73.60 51.69 +14.61

Table 4: Comparison accuracy (%) across different prompt strategies on STEM datasets.

Domains Prompting Strategies Llama3-8B Mistral-7B Qwen1.5-7B Average Gain

Math

Zero-shot CoT 40.58 24.28 36.96 -
Zero-shot CoT+SC 48.19 24.64 41.67 +4.23

1-shot CoT 49.42 23.41 36.52 +2.51
Plan-and-Solve 40.58 30.43 23.91 -2.30

Step-Back 45.65 34.42 19.93 -0.60

Re-TASK (Lite) 51.81 28.99 43.84 +7.61

Physics

Zero-shot CoT 57.84 37.25 42.16 -
Zero-shot CoT+SC 58.82 39.22 37.25 -0.65

1-shot CoT 60.78 45.10 42.16 +3.59
Plan-and-Solve 55.88 42.16 41.18 +0.65

Step-Back 30.39 34.31 30.39 -14.05

Re-TASK (Lite) 60.78 44.12 50.98 +6.21

Biology

Zero-shot CoT 76.39 57.64 59.72 -
Zero-shot CoT+SC 78.47 60.42 62.50 +2.55

1-shot CoT 79.86 68.75 60.42 +5.09
Plan-and-Solve 73.61 55.56 61.11 -1.16

Step-Back 43.75 50.69 53.47 -15.28

Re-TASK (Lite) 88.19 79.17 81.25 +18.29

Step-Back performs worse across the three datasets,556

likely due to suboptimal principles generated by557

the smaller scale models themselves. When com-558

paring with the same number of added demonstra-559

tions, Re-TASK (Lite) outperforms 1-shot CoT560

across all three datasets. Notably, Re-TASK (Lite)561

achieves a notable 13.20% improvement in the bi-562

ology dataset, highlighting its strong and consistent563

performance in STEM tasks.564

Compared to the results in the legal domain, the565

improvements in the STEM datasets are relatively566

modest. This may be attributed to the fact that567

the capability items automatically generated by568

LLMs, which, while effective, may not be fully569

optimized. Nonetheless, our methods show that570

leveraging knowledge and capability items gener-571

ated from larger models can be used to augment the572

performance of smaller models. Since our primary573

objective is to demonstrate the potential of our ap-574

proach rather than to optimize the identification of575

capability items, these results still underscore the576

value of our method. 577

6 Conclusion 578

In this paper, we introduced the Re-TASK frame- 579

work, a novel approach that revisits LLM tasks 580

through the lenses of capability, skill, and knowl- 581

edge, aiming to address the limitations of the Chain- 582

of-Thought (CoT) paradigm in complex, domain- 583

specific tasks. By integrating Re-TASK with CoT, 584

we systematically enhanced the performance of 585

LLMs through targeted knowledge injection and 586

skill adaptation using a structured prompting strat- 587

egy, Re-TASK prompting. Our extensive experi- 588

ments across the law, finance, and STEM domains 589

demonstrated that the Re-TASK framework signifi- 590

cantly improves task performance, achieving sub- 591

stantial gains over baseline models and confirming 592

the framework’s potential to enhance LLM capabil- 593

ities across diverse domains. Our research opens 594

new avenues for practitioners to deepen their under- 595

standing, evaluation, and improvement of LLMs. 596
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Limitations597

While this study presents promising results, several598

limitations should be considered when interpreting599

the findings.600

First, we rely on powerful LLMs to directly601

construct capability items for each task instance602

without incorporating the retrieval process. In603

a more practical scenario, an offline repository604

of capability items could be constructed based605

on a domain knowledge graph to support knowl-606

edge retrieval, along with corresponding capability607

items for knowledge understanding or applying.608

Retrieval-based methods (e.g., RAG) could then609

be employed to match capability items with tasks.610

This is part of our future work.611

Second, although we used LLMs to automati-612

cally generate capability items, we did not focus613

on optimizing the generation process. As our pri-614

mary objective was to demonstrate the potential615

of our approach rather than to refine the identifica-616

tion of capability items, we leave capability item617

optimization for future research.618

Third, we did not thoroughly analyze the perfor-619

mance differences across various domains. These620

differences may stem from the extent to which621

LLMs possess domain-specific knowledge and622

their proficiency in applying corresponding skills,623

both of which influence the observed improvement624

ratios. A deeper investigation into these aspects625

would be a valuable direction for LLM diagnostics.626

Finally, our study is limited to open-source mod-627

els due to budget constraints, leaving the explo-628

ration of proprietary models to future work.629
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A All Experimental Results778

A.1 Model Scaling779

The accuracy results for zero-shot CoT and Re-780

TASK (Lite) across various scales of Qwen1.5 mod-781

els on the sentencing prediction dataset are shown782

in Table 5, while the corresponding results on the783

FinancelQ dataset are presented in Table 6. Re-784

TASK demonstrates effectiveness across models of785

different sizes. A consistent trend emerges across786

different capability metrics: as the model scale in-787

creases, the performance of all prompting strategies788

improves accordingly. This demonstrates that Re-789

TASK is effective even on larger-scale models. .790

791

A.2 Efficiency792

To evaluate the efficiency of Re-TASK and elim-793

inate the influence of computing platform perfor-794

mance on efficiency assessment, we adopt the sum795

of input and output tokens for LLMs as the metric796

of efficiency. Results for the financial and math-797

ematical datasets are provided here. Table 7 and798

Table 8 present the average token lengths for differ-799

ent methods on the FinanceIQ and MMLU-Math800

datasets across all questions. It can be observed that801

the token counts for Re-TASK are comparable to802

those of the corresponding 1-shot and 3-shot CoT803

strategies. Thus, the efficiency of Re-TASK aligns804

closely with that of few-shot CoT strategy, demon-805

strating that Re-TASK introduces no additional806

overhead while achieving significantly higher ac-807

curacy.808

A.3 Case Study809

To better demonstrate the effectiveness of Re-810

TASK, we conduct a case study on the FinanceIQ811

and MMLU-Math datasets.812

Figures 4, 5, and 6 show the results of the813

same input-output example using three prompt814

strategies—Zero-shot CoT, Re-TASK (Lite), and815

Re-TASK (Full) —on the FinanceIQ dataset with816

the LLaMA3-8B-Chinese model. From the case,817

we can see that in the Zero-shot CoT strategy, the818

model fails to produce the correct answer because819

it lacks knowledge of the problem-solving steps820

and relevant knowledge about the topic, leading to821

repeated attempts and ultimately an incorrect re-822

sult. In Re-TASK (Lite) strategy, while the model823

knows the correct formula for solving the problem,824

it makes errors during the numerical calculations,825

resulting in an incorrect answer as well. In Re-826

TASK (Full) strategy, the model applies the correct 827

formula and arrives at the correct answer. This 828

indicates that adding different capability items sup- 829

plements the model’s knowledge and enhances its 830

abilities in domain tasks, demonstrating the effec- 831

tiveness of the Re-TASK framework. 832

Table 9 and 10 show one pair of comparison 833

of Zero-shot CoT and Re-TASK (Lite) strategies 834

with Llama3-8B on MMLU-Math dataset. For the 835

Zero-shot CoT, it can be seen that though the LLM 836

can stimulate the knowledge of the Pythagorean 837

theorem, the following reasoning and calculation 838

is still wrong. For the Re-TASK, we incorporate 839

knowledge of the Pythagorean theorem through 840

the prompt and demonstrated the applying of this 841

knowledge through one capability item, and the 842

correct reasoning and calculation result can be ob- 843

tained. This comparison intuitively represents that 844

capability items can effectively improve the reason- 845

ing. 846

B Experimental Settings 847

B.1 Models 848

Seven models are utilized in this work: Qwen1.5- 849

7B-Chat, Qwen1.5-14B-Chat, Qwen1.5-32B- 850

Chat (Bai et al., 2023), Yi-1.5-9B-Chat (Young 851

et al., 2024), LLaMA-Chinese-8B-Instruct (Cui, 852

2023), Llama3-8B (Dubey et al., 2024), and 853

Mistral-7B (Jiang et al., 2023). The Qwen1.5, Yi- 854

1.5, Llama3, and Mistral-7B models are obtained as 855

official chat versions from Hugging Face, whereas 856

the LLaMA-Chinese-8B-Instruct model is sourced 857

from Modelscope. In this study, Qwen2.5-72B is 858

used for task decomposition and skill item genera- 859

tion on Chinese datasets (FinanceIQ and sentencing 860

prediction tasks), while Llama3.1-70B is employed 861

for task decomposition and skill item generation on 862

the English dataset (MMLU). The model sources 863

and licenses are shown in Table 11. 864

B.2 Experimental Details 865

For the baseline prompts used in the experiments, 866

we employed the standard zero-shot CoT and few-867

shot CoT templates, with the Step_Back template 868

and Plan-and-Solve template following the design 869

from the original paper. The parameters for self- 870

consistency were also based on the original work, 871

and the prompt template used was consistent with 872

the zero-shot CoT. Additionally, the selection of the 873

normal one-shot and three-shot demonstrations was 874

randomly chosen from the demonstration corpus. 875
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Table 5: Accuracy comparison (%) across zero-shot CoT and Re-TASK (Lite) using various scales of Qwen1.5
models on the sentencing prediction dataset.

Qwen1.5-7B Qwen1.5-14B Qwen1.5-32B

Zero-shot CoT 33.50 48.50 84.00

Re-TASK (Lite) 45.5 81.17 88.33

Table 6: Accuracy comparison (%) across different prompt strategies using various scales of Qwen1.5 models on
FinancelQ dataset.

Qwen1.5-7B Qwen1.5-14B Qwen1.5-32B

Zero-shot CoT 43.82 49.19 60.67

Re-TASK (Lite) 49.44 57.30 61.80
Re-TASK (Full) 51.69 57.87 71.91

For all experiments, except those involving Self-876

Consistency, the temperature is set to 0, and the877

top_p parameter is set to 1. Because the temper-878

ature is set to 0, the results of multiple runs are879

consistent. For Self-Consistency, following the set-880

tings from the original paper (Wang et al., 2022),881

the temperature is adjusted to 0.5, and top_p is882

set to 0.5. Self-consistency involves the results of883

voting after running 20 rounds of zero-shot CoT.884

We utilize vllm (Kwon et al., 2023) as the infer-885

ence framework for all deployments. For models886

under 70 billion parameters, we deploy each on a887

single 32GB AI graphics card. For models with 70888

billion parameters or more, we utilize two 80GB889

AI graphics cards per model.890

C Experimental Datasets891

We used three publicly available datasets across892

five domains. The sources of the datasets used in893

this paper are shown in Table 12. The questions in894

these five datasets all require corresponding knowl-895

edge and skill adaptation to answer correctly, which896

is very suitable for verifying Re-TASK.897

C.1 Details of Sentencing Prediction Datasets898

We construct the sentencing prediction dataset us-899

ing data from the Cail2018 competition (Xiao et al.,900

2018), which is sourced from publicly available901

criminal legal documents on "China Judgments902

Online". Each record in the dataset includes case903

descriptions and factual details extracted from the904

legal documents. Additionally, each case provides905

the applicable legal articles, the charges against the906

defendant, and the length of the sentencing. The907

dataset contains approximately 2.68 million crimi-908

nal law documents, covering 183 different charges909

and 202 legal articles, with sentences ranging from 910

0 to 25 years, life imprisonment, and the death 911

penalty. Our focus is solely on the task of sentenc- 912

ing prediction. 913

The sentencing prediction task involves estimat- 914

ing the length of a defendant’s sentence based on 915

the descriptions and facts provided in the crimi- 916

nal legal documents. This task integrates five key 917

elements from the dataset: the facts of the crime, 918

the charges, the referenced legal articles, the defen- 919

dant’s name, and the length of the sentence. 920

Due to the large size and complexity of the orig- 921

inal CAIL2018 dataset, we performed some pre- 922

processing to better validate the retask. We imple- 923

mented the following processing steps: 924

1) Several commonly encountered criminal law 925

articles were selected to serve as the knowledge 926

base. The original dataset was then filtered to in- 927

clude only criminal cases relevant to these articles. 928

Additionally, we excluded data instances where 929

the sentence prediction months were inherently im- 930

plied based on the sentence range. 931

2) A suitable task instruction was designed, and 932

the output format of the task was standardized. 933

3) The specific month lengths of sentences were 934

converted into three broader sentencing categories: 935

A (under 3 years), B (3 to 10 years), and C (over 936

10 years). 937

4) A series of robust and effective test prompt 938

templates were designed for the task. 939

From the CAIL 2018 dataset, we constructed a 940

200-instance training set and a 200-instance test 941

set. The training set and test set are independent, 942

with no overlapping instances. The distribution of 943

the three sentencing categories (A, B, C) in both 944

the training and test sets approximates a 1:1:1 ratio. 945
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Table 7: Comparison of token length across various prompting strategies on FinanceIQ dataset

Llama3-Chinese-8B Yi-9B Qwen1.5-7B

Zero-shot CoT 861 541 417
1-shot CoT 1138 844 767
3-shot CoT 1730 1478 1421

Re-TASK (Lite) 1032 742 602
Re-TASK (Full) 1713 1707 1581

Table 8: Comparison of token length across various prompting strategies on MMLU-Math dataset.

Llama3-8B Qwen1.5-7B Mistral-7B

Zero-shot CoT 301 449 544
1-shot CoT 615 615 768

Re-TASK(Lite) 628 673 769

Examples of sentence prediction task is illus-946

trated in Figure 7.947

We use Qwen2.5-72B to assist in the generation948

of capability items for the sentencing prediction949

task. Specifically, for a given instance, includ-950

ing the question, options, and answer, we first use951

LLMs to generate the knowledge behind the ques-952

tion. Then, based on the generated knowledge, we953

create the capability item. If the knowledge is con-954

ceptual, we generate an explanation or a demonstra-955

tion example of the knowledge. If the knowledge956

is procedural, we generate a demonstration of how957

the knowledge is applied. More prompt templates958

are shown in the Appendix D.959

C.2 Details of MMLU datasets960

We use MMLU-high-school Mathematics, MMLU-961

college Biology and MMLU-college Physics962

datasets in this paper. For the MMLU-Math dataset,963

we utilized the original 304 questions. We used964

Llama3.1-70B to generate knowledge, but for some965

questions, the model entered into a feedback loop,966

rendering the generated knowledge invalid. In967

some cases, repeated attempts still resulted in the968

same feedback loop. As a result, we removed these969

problematic question-answer pairs, ultimately fil-970

tering out 276 questions. For the MMLU-Physics971

and MMLU-Biology datasets, such issues were972

rare, so we kept all instances and used the original973

datasets.974

We use Llama3.1-70B to assist in the generation975

of capability items for the MMLU datasets. The976

generation method is consistent with the one used977

for the sentencing prediction task in Appendix C.1.978

C.3 Details of FinanceIQ datasets 979

For the legal and MMLU datasets, since the tasks 980

are relatively simple, we only constructed capa- 981

bility items related to the task, without building 982

capability items for subtasks. When conducting 983

processing for the FinanceIQ dataset, we needed to 984

build both task-related capability items and subtask- 985

related capability items, which made the process 986

more complex. However, our analysis revealed that 987

a significant portion of the FinanceIQ dataset con- 988

sists of knowledge-intensive questions that can be 989

addressed solely by providing factual knowledge, 990

without requiring high levels of comprehension 991

or reasoning abilities. These questions can be di- 992

rectly answered using RAG (retrieval-augmented 993

generation), making it difficult to identify specific 994

subtasks or construct subtask items. Consequently, 995

we initially employed the Qwen2.5-72B model to 996

assist in a filtering process, which effectively elim- 997

inated simpler questions that could be answered 998

directly with factual knowledge. 999

During the generation process, we encountered 1000

special situations: Some questions resulted in in- 1001

finite answer loops, particularly with the Llama 1002

series models, preventing them from generating 1003

knowledge or capability items properly. This issue 1004

could affect the subsequent validation of the Re- 1005

TASK framework. Due to the issues, we removed 1006

this portion of the data from the FinanceIQ dataset. 1007

Ultimately, we constructed our financial dataset. 1008

We utilize Qwen2.5-72B to assist in the task de- 1009

composition of instances in the FinanceIQ dataset. 1010

In our experiments, we found that the subtasks 1011

in FinanceIQ still present a certain level of diffi- 1012

culty, requiring subtask-level knowledge and capa- 1013

bility items. Therefore, for the financial dataset, 1014
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Prompt and Response for Standard Zero-shot CoT on FinancelQ Dataset.

# Role: 你是一名经济领域的专家，请完成指定的任务。
(# Role: You are an expert in the field of economics, please complete the tasks specified by the user.)

任务描述：现在根据下列输入的问题，从4个选项中选择一个正确的选项，请将答案填在[选项]与[选项]之间，例如[选项]C[选项]，必
须给出一个选项。
(Task descrip�on: Now, based on the following input ques�on, select the correct op�on from the 4 op�ons. Please fill in the answer between 
[op�ons] and [op�ons], for example [op�on] C [op�on], one op�on must be given.)

问题 (Ques�on):
以5亿作为基础货币，当活期存款准备金率是10%，定期存款准备金率是2%，定期存款比率达到30%，超额准备金率为5%，通货比率为
20%时，你知道货币存量（以亿为单位）应该是多少吗？
(With 500 million as the base currency, when the demand deposit reserve ra�o is 10%, the fixed deposit reserve ra�o is 2%,the fixed deposit
ra�o is 30%, the excess reserve ra�o is 5%, and the currency ra�o is 20%, Do you know what the currency stock (in billions) should be?)
选项 (Op�ons): A:16.20, B:16.85, C:12.45, D:9.23

答案 (Answer):

首先，我们需要计算货币存量的基础值。货币存量的基础值=基础货币/(1+活期存款准备金率+定期存款准备金率+定期存款比率+超额
准备金率+通货比率)。货币存量的基础值=5亿/(1+0.1+0.02+0.3+0.05+0.2)=5亿/1.67=3亿。因此，货币存量的基础值为3亿。

接下来，我们需要计算货币存量的超额准备金率。货币存量的超额准备金率=超额准备金率/(1+活期存款准备金率+定期存款准备金率+
定期存款比率+通货比率)。货币存量的超额准备金率=0.05/(1+0.1+0.02+0.3+0.2)=0.05/1.67=3%。因此，货币存量的超额准备金率为3%。
最后，我们需要计算货币存量的货币存量。货币存量=基础货币+超额准备金率*货币存量的超额准备金率。货币存量=5亿+0.05*3亿=5
亿+1500万=5.15亿因此，货币存量为5.15亿。

(First, we need to calculate the base value of the money stock. Base value of the currency stock = Base currency/ (1 + demanddeposit reserve
ra�o + fixed deposit reserve ra�o + fixed deposit reserve ra�o + excess reserve ra�o + currency ra�o). The base value of the money stock =
/(1+0.1+0.02+0.3+0.05+0.2)=5 million / 167 million = 300 million. Therefore, the base value of the money stock is 300 million. 

Next, we need to calculate the excess reserve ra�o of the money stock. Excess Reserve Ra�o of Money Stock = Excess Reserve Ratio/ (1 + 
Demand Deposit Reserve Ra�o + Fixed Deposit Reserve Ra�o + Fixed Deposit Reserve Ra�o + Currency Ra�o). The excess reserve ra�o of the 
money stock is =0.05/(1+0.1+0.02+0.3+0.2)=0.05/1.67=3% . As a result, the excess reserve ra�o for the money stock is 3%.  

Finally, we need to calculate the money stock of the money stock. Currency stock = Base currency + Excess reserve ra�o * Excess reserve ra�o 
of currency stock. Money stock = 500 million + 0.05 * 300 million = 500 million + 15 million = 515 million. Therefore, the money stock is 515 
million.)

Figure 4: An example of the Prompt and the Response for Zero-shot CoT strategy on FinanceIQ Dataset.

we generated both task-related capability items and1015

subtask-related capability items. We continue to1016

use Qwen2.5-72B to help generate these capabil-1017

ity items for FinanceIQ datasets. The generation1018

process for task-related and subtask-related capa-1019

bility items is similar: we first provide the question,1020

options, and answer to the LLM, allowing it to1021

generate the knowledge; then, we feed the gener-1022

ated knowledge back to the model to generate the1023

corresponding capability items.1024

D Experimental Prompts1025

D.1 Law Domain1026

The prompt templates using zero-shot CoT strategy,1027

few-shot CoT strategy and Re-TASK (Lite) strategy1028

for the sentencing prediction task in the law domain1029

are shown in Figure 8, Figure 9, Figure 10.1030

D.2 STEM Domain1031

The prompt templates using zero-shot CoT strategy,1032

few-shot CoT strategy and Re-TASK (Lite) strategy1033

for the MMLU datasets in the STEM domains are1034

shown in Table 13, Table 14 and Table 15.1035

The prompt templates for generating knowledge1036

and capability items for the MMLU datasets in the1037

STEM domains are shown in Table 16 and Table1038

17.1039

D.3 Financial Domain 1040

The prompt templates using zero-shot CoT strategy, 1041

few-shot CoT strategy, Re-TASK (Lite) strategy 1042

and Re-TASK (Full) strategy in the financial do- 1043

main are shown in Figure 11, Figure 12, Figure 13 1044

and Figure 14. 1045

The prompt templates for generating knowledge 1046

and capability items in the financial domains are 1047

shown in Figure 15 and Figure 16. 1048
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Prompt and Response for Re-Task (Lite) on FinancelQ Dataset.

# Role:你是一名金融领域的专家，请通过对<Knowledge Applica�on>的学习加深对响应的<Knowledge Recall>的应用能力，完成用户指定的任务。
(# Role: You are an expert in the field of economics, please deepen your applica�on ability of<Knowledge Recall>through learning<Knowledge Applica�on> and 
complete the tasks specified by the user.)

# Capability Items for Overall Task:
## Knowledge Recall
为了解决这道题，需要先理解题意，然后根据题意计算货币乘数，最后计算货币存量，可以得到答案。
(To solve this problem, it is necessary to first understand the meaning of the ques�on, then calculate the money mul�plier based on the meaning of the ques�on, and 
finally calculate the money stock to obtain the answer.)

## Knowledge Applica�on
问题 (Ques�on):
假设基础货币为4亿，活期存款准备金率为8%，定期存款准备金率为3%，定期存款比率为25%，超额准备金率为4%，通货比率为15%。根据这些条件，计算货
币存量（以亿为单位）应该是多少？
(Assuming the base currency is 400 million, the reserve requirement ra�o for current deposits is 8%, the reserve requirementra�o for fixed deposits is 3%, the fixed 
deposit ra�o is 25%, the excess reserve requirement ra�o is 4%, and the currency ra�o is 15%. Based on these condi�ons, what should the currency stock (in billions) be 
calculated?)
选项 (Op�ons):   A:10.24, B:11.56, C:12.32, D:13.48
答案 (Answer): 首先，理解题意，题目要求计算在给定的基础货币、各种准备金率和通货比率条件下的货币存量。接着，计算货币乘数，货币乘数= 1 / (活期存
款准备金率 + 定期存款准备金率* 定期存款比率 + 超额准备金率 + 通货比率) = 1 / (0.08 + 0.03 * 0.25 + 0.04 + 0.15) = 1 / (0.08 + 0.0075 + 0.04 + 0.15) = 1 / 0.2775 ≈ 
3.604。最后，计算货币存量，货币存量= 基础货币 * 货币乘数 = 4 * 3.604 ≈ 14.416。由于选项中没有14.416这个数值，最接近的是13.48，因此答案是[选项]D[选
项]。但根据计算，最准确的答案应该是14.416，这表明选项中可能存在误差或需要重新评估选项设置。然而，基于提供的选项，最接近的答案是D。
(Firstly, understand the meaning of the ques�on, which requires calcula�ng the money stock under given condi�ons of base currency, various reserve ra�os, and 
currency ra�os. Next, calculate the currency mul�plier, which is 1/(current deposit reserve ra�o+fixed deposit reserve ratio * fixed deposit ra�o+excess reserve 
ra�o+currency ra�o)=1/(0.08+0.03 * 0.25+0.04+0.15)=1/(0.08+0.0075+0.04+0.15)=1/0.2775 ≈ 3.604. Finally, calculate the moneystock, where money stock=base 
currency * money mul�plier=4 * 3.604 ≈ 14.416. Since there is no value of 14.416 in the op�ons, the closest value is 13.48,so the answer is [op�on] D [op�on]. But 
according to calcula�ons, the most accurate answer should be 14.416, indica�ng that there may be errors in the op�ons or that the op�on se�ngs need to be re 
evaluated. However, based on the provided op�ons, the closest answer is D.)

# Ini�aliza�on
作为<Role>，你可以参考<Demonstra�on>完成用户给定的任务。
(As a<Role>, you can refer to<Demonstra�on>to complete the tasks given by the user.)

任务描述：现在根据下列输入的问题，从4个选项中选择一个正确的选项，请将答案填在[选项]与[选项]之间，例如[选项]C[选项]，必须给出一个选项。
(Task descrip�on: Now, based on the following input ques�on, select the correct op�on from the 4 op�ons. Please fill in the answer between [options] and [op�ons], for 
example [op�on] C [op�on], one op�on must be given.)

问题 (Ques�on):
以5亿作为基础货币，当活期存款准备金率是10%，定期存款准备金率是2%，定期存款比率达到30%，超额准备金率为5%，通货比率为20%时，你知道货币存
量（以亿为单位）应该是多少吗？
(With 500 million as the base currency, when the demand deposit reserve ra�o is 10%, the fixed deposit reserve ra�o is 2%, the fixed deposit ra�o is 30%, the excess 
reserve ra�o is 5%, and the currency ra�o is 20%, Do you know what the currency stock (in billions) should be?)
选项 (Op�ons): A:16.20, B:16.85, C:12.45, D:9.23

答案 (Answer):

首先，我们需要计算货币存量的计算公式为：货币存量=基础货币/(1-活期存款准备金率-定期存款准备金率-超额准备金率)根据题目中的条件，我们可以计算货
币存量：货币存量=5亿/(1-10%-2%-5%)=5亿/0.77=6.49亿所以，货币存量应该是6.49亿。答案：[选项]C[选项]

( First, we need to calculate the currency stock as follows: Currency stock = Base currency/ (1 - Demand deposit reserve ra�o - Time deposit reserve ra�o - Excess reserve 
ra�o) According to the condi�ons in the topic, we can calculate the money stock: Money stock = 500 million / (1 - 10% - 2% - 5%) = 500 million / 0.77 = 649 million So, 
money stock should be 649 million. Therefore, the answer is C. ) 

Figure 5: An example of the Prompt and the Response for Re-TASK (Lite) strategy on FinanceIQ Dataset.
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Prompt and Response for Re-Task (Full) on FinancelQ Dataset.

# Role:你是一名金融领域的专家，请通过<Knowledge Example 1>的学习加深对响应的<Knowledge Recall 1>的理解能力，对通过对<Knowledge Applica�on 2>的学习加深对响应的<Knowledge Recall 2>的应用能力，完成
用户指定的任务。
(# Role: You are an expert in the field of economics, please deepen your understanding of <Knowledge Recall 1> through learning <Knowledge Example 1> and deepen your applica�on ability of <Knowledge Recall> through 
learning <Knowledge Applica�on> and complete the tasks specified by the user.)

# Capability Items for Subtasks:
## Knowledge Recall 1
基础货币、活期存款准备金率、定期存款准备金率、定期存款比率、超额准备金率、通货比率的概念及其对货币存量的影响。
(The concepts of base currency, reserve requirement ra�o for current deposits, reserve requirement ra�o for fixed deposits,fixed deposit ra�o, excess reserve ra�o, and currency ra�o and their impact on the stock of money.)
## Knowledge Example 1
[Please Put the Knowledge Example 1 of Subtasks Here.]

## Knowledge Recall 2
货币存量 = 基础货币 / (活期存款准备金率+ 定期存款准备金率* 定期存款比率 + 超额准备金率 + 通货比率)。
(Currency stock=base currency/(current reserve requirement ra�o+fixed reserve requirement ra�o * fixed deposit ra�o+excess reserve requirement ra�o+currency ra�o).)
## Knowledge Applica�on 2
[Please Put the Knowledge Applica�on 2 of the Subtasks Here.]

# Capability Items for Overall Task:
## Knowledge Recall
为了解决这道题，需要先理解题意，然后根据题意计算货币乘数，最后计算货币存量，可以得到答案。
(To solve this problem, it is necessary to first understand the meaning of the ques�on, then calculate the money mul�plier based on the meaning of the ques�on, and finally calculate the money stock to obtain the answer.)
## Knowledge Applica�on
问题 (Ques�on):
假设基础货币为4亿，活期存款准备金率为8%，定期存款准备金率为3%，定期存款比率为25%，超额准备金率为4%，通货比率为15%。根据这些条件，计算货币存量（以亿为单位）应该是多少？
(Assuming the base currency is 400 million, the reserve requirement ra�o for current deposits is 8%, the reserve requirementra�o for fixed deposits is 3%, the fixed deposit ra�o is 25%, the excess reserve requirement ra�o is 4%, 
and the currency ra�o is 15%. Based on these condi�ons, what should the currency stock (in billions) be calculated?)
选项 (Op�ons):   A:10.24, B:11.56, C:12.32, D:13.48
答案 (Answer): 首先，理解题意，题目要求计算在给定的基础货币、各种准备金率和通货比率条件下的货币存量。接着，计算货币乘数，货币乘数= 1 / (活期存款准备金率+ 定期存款准备金率* 定期存款比率 + 超额
准备金率 + 通货比率) = 1 / (0.08 + 0.03 * 0.25 + 0.04 + 0.15) = 1 / (0.08 + 0.0075 + 0.04 + 0.15) = 1 / 0.2775 ≈ 3.604。最后，计算货币存量，货币存量= 基础货币 * 货币乘数 = 4 * 3.604 ≈ 14.416。由于选项中没有14.416这个数
值，最接近的是13.48，因此答案是[选项]D[选项]。但根据计算，最准确的答案应该是14.416，这表明选项中可能存在误差或需要重新评估选项设置。然而，基于提供的选项，最接近的答案是D。
(Firstly, understand the meaning of the ques�on, which requires calcula�ng the money stock under given condi�ons of base currency, various reserve ra�os, and currency ra�os. Next, calculate the currency mul�plier, which is 
1/(current deposit reserve ra�o+fixed deposit reserve ra�o * fixed deposit ra�o+excess reserve ra�o+currency ra�o)=1/(0.08+0.03 * 0.25+0.04+0.15)=1/(0.08+0.0075+0.04+0.15)=1/0.2775 ≈ 3.604. Finally, calculate the money stock, 
where money stock=base currency * money mul�plier=4 * 3.604 ≈ 14.416. Since there is no value of 14.416 in the op�ons, the closest value is 13.48, so the answer is [op�on] D [op�on]. But according to calcula�ons, the most 
accurate answer should be 14.416, indica�ng that there may be errors in the op�ons or that the op�on se�ngs need to be re evaluated. However, based on the provided op�ons, the closest answer is D.)

# Ini�aliza�on
作为<Role>，你可以参考<Demonstra�on>完成用户给定的任务。
(As a<Role>, you can refer to<Demonstra�on>to complete the tasks given by the user.)

任务描述：现在根据下列输入的问题，从4个选项中选择一个正确的选项，请将答案填在[选项]与[选项]之间，例如[选项]C[选项]，必须给出一个选项。
(Task descrip�on: Now, based on the following input ques�on, select the correct op�on from the 4 op�ons. Please fill in the answer between [options] and [op�ons], for example [op�on] C [op�on], one op�on must be given.)

问题 (Ques�on):
以5亿作为基础货币，当活期存款准备金率是10%，定期存款准备金率是2%，定期存款比率达到30%，超额准备金率为5%，通货比率为20%时，你知道货币存量（以亿为单位）应该是多少吗？
(With 500 million as the base currency, when the demand deposit reserve ra�o is 10%, the fixed deposit reserve ra�o is 2%, the fixed deposit ra�o is 30%, the excess reserve ra�o is 5%, and the currency ra�o is 20%, Do you know 
what the currency stock (in billions) should be?)
选项 (Op�ons): A:16.20, B:16.85, C:12.45, D:9.23

答案 (Answer):
首先根据货币乘数公式：货币乘数=1/(活期存款准备金率+定期存款准备金率*定期存款比率+超额准备金率+通货比率)。将题目中的数值代入公式计算：
1/(0.10+0.02*0.30+0.05+0.20)=1/(0.10+0.006+0.05+0.20)=1/0.286≈3.49。然后根据货币存量的计算公式：货币存量=基础货币*货币乘数。将题目中的数值代入公式得到答案是16.85亿元。因此，答案选B。
(First, according to the currency mul�plier formula: currency mul�plier = 1 / (Demand deposit reserve ra�o + Fixed depositreserve ra�o * Fixed deposit ra�o + Excess reserve ra�o + Currency ra�o). Subs�tute the numerical value in 
the ques�on into the formula: 1/(0.10+0.02*0.30+0.05+0.20)=1/(0.10+0.006+0.05+0.20)=1/0.286≈3.49 . Then, according to the calcula�on formula of currency stock: currency stock = base currency * currency mul�plier. Subs�tute 
the value in the ques�on into the formula and the answer is 1.685 billion yuan. Therefore, the answer is B.)

Figure 6: An example of the Prompt and the Response for Re-TASK (Full) strategy on FinanceIQ Dataset.
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Table 9: An example of the Prompt and the Response for Zero-shot CoT strategy on MMLU-Math dataset.

Prompt and Response for Standard Zero-shot CoT

Input:
# Role:
You are an expert in the field of Math. Complete the task provided by the user.

# Task Description:
According to the following question and options, select one correct option. Please think step by step and
follow the answer format, i.e., output the brief chain-of-thought beginning with ’Rationale: ’ within 500
characters, and the final choice option beginning with ’Correct: ’ from ’A’ to ’D’.
Question:
The length of a rectangle is twice its width. Given the length of the diagonal is $5\sqrt5$, find the area of
the rectangle.
Options:
A. 2500; B. 2; C. 50; D. 25

Output:
Rationale: Let the width of the rectangle be x. Since the length is twice the width, the length is 2x.
The diagonal is the hypotenuse of a right triangle with legs x and 2x. Using the Pythagorean theorem, we
can write:
xˆ2 + (2x)ˆ2 = (5\sqrt5)ˆ2
Simplifying the equation, we get:
5xˆ2 = 25
Dividing both sides by 5, we get:
xˆ2 = 5
Taking the square root of both sides, we get:
x =

√
5

Now, the area of the rectangle is:
Area = length × width = 2x × x = 2(

√
5)ˆ2 = 2(5) = 10

Correct: D. 25
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Table 10: An example of the Prompt and the Response for Re-TASK (Lite) strategy on MMLU-Math dataset.

Prompt and Response for Re-TASK Prompting

Input:
# Role:
You are an expert in the field of Math. Complete the task provided by the user.

# Knowledge:
The area of a rectangle is given by A = length * width, and the Pythagorean theorem states that for a right
triangle, aˆ2 + bˆ2 = cˆ2, where c is the length of the hypotenuse (diagonal).

# Demonstration:
Question: In a rectangle, the length is 5 cm and the width is 12 cm. What is the length of the diagonal?
Options:
A. 13 cm; B. 14 cm; C. 15 cm; D. 16 cm
Rationale:
Step 1. We’re given a rectangle with length 5 cm and width 12 cm. Step 2. We can use the Pythagorean
theorem to find the length of the diagonal. Step 3. The diagonal is the hypotenuse of a right triangle with
legs 5 cm and 12 cm. Step 4. Using the theorem, we get diagonalˆ2 = 5ˆ2 + 12ˆ2 = 25 + 144 = 169. Step
5. Taking the square root, we get diagonal = 13 cm. The correct answer is A.
Correct: A

# Task Description:
According to the following question and options, refer to <# Knowledge> and <# Demonstration>,
select one correct option. Please think step by step and follow the answer format in <# Demonstration>,
i.e., output the brief chain-of-thought beginning with ’Rationale: ’ within 500 characters, and the final
choice option beginning with ’Correct: ’ from ’A’ to ’D’.
Question:
The length of a rectangle is twice its width. Given the length of the diagonal is $5\sqrt5$, find the area of
the rectangle.
Options:
A. 2500; B. 2; C. 50; D. 25

Output:
Rationale:

Step 1. We’re given a rectangle with length = 2 * width. Step 2. We’re also given the length of the
diagonal, which is $5\sqrt5$. Step 3. We can use the Pythagorean theorem to find the length and width.
Step 4. Let the width be x, then the length is 2x. Step 5. Using the theorem, we get (2x)ˆ2 + xˆ2 =
($5\sqrt5$)ˆ2. Step 6. Simplifying, we get 4xˆ2 + xˆ2 = 125. Step 7. Combining like terms, we get 5xˆ2 =
125. Step 8. Dividing both sides by 5, we get xˆ2 = 25. Step 9. Taking the square root, we get x = 5. Step
10. Now we can find the area, which is length * width = 2x * x = 2 * 5 * 5 = 50.
Correct: C
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Table 11: Models, Sources and Licenses Used in This Work

Models Model sources License

Qwen1.5-7B https://huggingface.co/Qwen/Qwen1.5-7B-Chat Apache License 2.0

Qwen1.5-14B https://huggingface.co/Qwen/Qwen1.5-14B-Chat Apache License 2.0

Qwen1.5-32B https://huggingface.co/Qwen/Qwen1.5-32B-Chat Apache License 2.0

Yi-1.5-9B https://huggingface.co/01-ai/Yi-1.5-9B-Chat Apache License 2.0

Llama3-Chinese-8B
https://www.modelscope.cn/models/FlagAlpha/
Llama3-Chinese-8B-Instruct/summary

Apache License 2.0

Llama3-8B
https://www.modelscope.cn/models/FlagAlpha/
Llama3-8B-Instruct/summary

Apache License 2.0

Mistral-7B https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.2 Apache License 2.0

Llama3.1-70B https://huggingface.co/meta-llama/Meta-Llama-3.1-70B-Instruct llama3.1 license

Qwen2.5-72B https://huggingface.co/Qwen/Qwen2.5-72B-Instruct Qwen license

Table 12: Datasets and sources used in this work

Datasets Sources

MMLU https://huggingface.co/datasets/cais/mmlu

FinanceIQ https://huggingface.co/datasets/Duxiaoman-DI/FinanceIQ

CAIL 2018 https://github.com/thunlp/CAIL?tab=readme-ov-file

Table 13: The prompt template of standard zero-shot CoT on MMLU-Math dataset.

Prompt template of Standard Zero-shot CoT

# Role:
You are an expert in the field of Math. Complete the task provided by the user.

# Task Description:
According to the following question and options, select one correct option. Please think step by step and
follow the answer format, i.e., output the brief chain-of-thought beginning with ’Rationale: ’ within 500
characters, and the final choice option beginning with ’Correct: ’ from ’A’ to ’D’.
Question:
[Please Put Your Question Here]
Options:
[Please Put Your Options Here]
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Figure 7: Examples of the Sentence Prediction Task

Prompt Template for Zero-shot CoT in Law Domain.

# Role: 你是一名法官，请完成用户指定的任务。
(# Role: You are a judge. Please complete the tasks specified by the user.)

任务描述：根据下列输入，对被告人李某某进行刑期判决。
要求：从A,B,C三个刑期区间选项(A:三年以下有期徒刑、拘役或者管制；B:三年以上十年以下有期徒刑；C:十年以上有期徒刑、无期徒
刑或死刑)中选出一个最合适的判决刑期区间，请将答案填在[刑期区间]与[eoa]之间，必须给出一个选项，请严格按要求的输出格式输
出答案，不要输出任何无关内容或者解释。例如[刑期区间]C[eoa]。
(Task descrip�on: According to the following input, sentence the defendant Li.
Requirements: Select the most appropriate sentence interval from the three sentence interval op�ons A, B, and C (A: imprisonment of less than 
three years, deten�on or control; B: imprisonment of more than three years but less than ten years; C: imprisonment of more than ten years, 
life imprisonment or death penalty). Please fill in the answer between [SENTENCE] and [eoa]. You must give an op�on. Please output the 
answer strictly in the required output format. Do not output any irrelevant content or explana�on. For example, [SENTENCE] C[eoa].)

输入 (Input): [Please Put Your Input Here.]

输出 (Output):

Figure 8: The Prompt Template for Zero-shot CoT in Law Domain.

20



Prompt Template for Few -shot CoT in Law Domain.

# Role: 你是一名法官，请理解<参考法条>的基础上，完成用户指定的任务。
(# Role: You are a judge. Please understand the <reference law> and complete the tasks specified by the user.)

# Demonstra�on:
[Please Put Your Demonstra�ons Here.]

任务描述：根据下列输入，对被告人李某某进行刑期判决。
要求：从A,B,C三个刑期区间选项(A:三年以下有期徒刑、拘役或者管制；B:三年以上十年以下有期徒刑；C:十年以上有期徒刑、无期徒
刑或死刑)中选出一个最合适的判决刑期区间，请将答案填在[刑期区间]与[eoa]之间，必须给出一个选项，请严格按要求的输出格式输
出答案，不要输出任何无关内容或者解释。例如[刑期区间]C[eoa]。
(Task descrip�on: According to the following input, sentence the defendant Li.
Requirements: Select the most appropriate sentence interval from the three sentence interval op�ons A, B, and C (A: imprisonment of less than 
three years, deten�on or control; B: imprisonment of more than three years but less than ten years; C: imprisonment of more than ten years, 
life imprisonment or death penalty). Please fill in the answer between [SENTENCE] and [eoa]. You must give an op�on. Please output the 
answer strictly in the required output format. Do not output any irrelevant content or explana�on. For example, [SENTENCE] C[eoa].)

输入 (Input): [Please Put Your Input Here.]

输出 (Output):

Figure 9: The Prompt Template for Few-shot CoT in Law Domain.

Prompt Template for Re-Task (Lite) in Law Domain.

# Role: 你是一名法官，请完成用户指定的任务。
(# Role: You are a judge. Please complete the tasks specified by the user.)

# 参考法条：
(# Reference law)
[Please Put the Knowledge Here.]

# Demonstra�on:
[Please Put Your Capability Items for the Overall Task Here.]

任务描述：根据下列输入，对被告人李某某进行刑期判决。
要求：从A,B,C三个刑期区间选项(A:三年以下有期徒刑、拘役或者管制；B:三年以上十年以下有期徒刑；C:十年以上有期徒刑、无期徒
刑或死刑)中选出一个最合适的判决刑期区间，请将答案填在[刑期区间]与[eoa]之间，必须给出一个选项，请严格按要求的输出格式输
出答案，不要输出任何无关内容或者解释。例如[刑期区间]C[eoa]。
(Task descrip�on: According to the following input, sentence the defendant Li.
Requirements: Select the most appropriate sentence interval from the three sentence interval op�ons A, B, and C (A: imprisonment of less than 
three years, deten�on or control; B: imprisonment of more than three years but less than ten years; C: imprisonment of more than ten years, 
life imprisonment or death penalty). Please fill in the answer between [SENTENCE] and [eoa]. You must give an op�on. Please output the 
answer strictly in the required output format. Do not output any irrelevant content or explana�on. For example, [SENTENCE] C[eoa].)

输入 (Input): [Please Put Your Input Here.]

输出 (Output):

Figure 10: The Prompt Template for Re-TASK (Lite) in Law Domain.

Prompt Template for Zero-shot CoT on FinancelQ Dataset.

# Role: 你是一名经济领域的专家，请完成指定的任务。
(# Role: You are an expert in the field of economics, please complete the tasks specified by the user.)

任务描述：现在根据下列输入的问题，从4个选项中选择一个正确的选项，请将答案填在[选项]与[选项]之间，例如[选项]C[选项]，必
须给出一个选项。
(Task descrip�on: Now, based on the following input ques�on, select the correct op�on from the 4 op�ons. Please fill in the answer between 
[op�ons] and [op�ons], for example [op�on] C [op�on], one op�on must be given.)

问题 (Ques�on): [Please Put Your Ques�ons Here.]
选项 (Op�ons): [Please Put Your Op�ons Here.]

答案 (Answer):

Figure 11: The Prompt Template for Zero-shot CoT on FinanceIQ Dataset.
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Table 14: The prompt template of one-shot CoT on MMLU-Math dataset.

Prompt template of One-shot CoT

Input:
# Role:
You are an expert in the field of Math. Complete the task provided by the user.

# Demonstration:
Question:
[Please Put Your Question of Demonstration Here]
Options:
[Please Put Your Options of Demonstration Here]
Rationale:
[Please Put Your Rationale of Demonstration Here]
Correct: [Please Put Your Final Choice of Demonstration Here]

# Task Description:
According to the following question and options, refer to <# Demonstration>, select one correct option.
Please think step by step and follow the answer format in <# Demonstration>, i.e., output the brief
chain-of-thought beginning with ’Rationale: ’ within 500 characters, and the final choice option beginning
with ’Correct: ’ from ’A’ to ’D’.
Question:
[Please Put Your Question Here]
Options:
[Please Put Your Options Here]

Prompt Template for Few-shot CoT using random Demo CoT on FinancelQ Dataset.

# Role: 你是一名经济领域的专家，请完成指定的任务。
(# Role: You are an expert in the field of economics, please complete the tasks specified by the user.)

# Demonstra�on:
[Please Put the random Demonstra�ons Here.]

# Ini�aliza�on
作为<Role>，你可以参考<Demonstra�on>完成用户给定的任务。
(As a<Role>, you can refer to<Demonstra�on>to complete the tasks given by the user.)

任务描述：现在根据下列输入的问题，从4个选项中选择一个正确的选项，请将答案填在[选项]与[选项]之间，例如[选项]C[选项]，必
须给出一个选项。
(Task descrip�on: Now, based on the following input ques�on, select the correct op�on from the 4 op�ons. Please fill in the answer between
[op�ons] and [op�ons], for example [op�on] C [op�on], one op�on must be given.)

问题 (Ques�on): [Please Put Your Ques�ons Here.]
选项 (Op�ons):   [Please Put Your Op�ons Here.]

答案 (Answer):

Figure 12: The Prompt Template for Few-shot CoT on FinanceIQ Dataset.
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Table 15: The prompt template of Re-TASK prompt on MMLU-Math dataset.

Prompt template of Re-TASK

Input:
# Role:
You are an expert in the field of Math. Complete the task provided by the user.

# Knowledge:
[Please Put Your Knowledge Here]

# Demonstration:
Question:
[Please Put Your Question of Demonstration Here]
Options:
[Please Put Your Options of Demonstration Here]
Rationale:
[Please Put Your Rationale of Demonstration Here]
Correct: [Please Put Your Final Choice of Demonstration Here]

# Task Description:
According to the following question and options, refer to <# Knowledge> and <# Demonstration>,
select one correct option. Please think step by step and follow the answer format in <# Demonstration>,
i.e., output the brief chain-of-thought beginning with ’Rationale: ’ within 500 characters, and the final
choice option beginning with ’Correct: ’ from ’A’ to ’D’.
Question:
[Please Put Your Question Here]
Options:
[Please Put Your Options Here]

Table 16: The prompt template of knowledge generation.

Prompt template of Knowledge Generation

# Role:
You are an expert in the field of Math. Complete the task provided by the user.

# Demonstration:
## Question: The hypotenuse of a right triangle measures 10 inches and one angle is $45ˆ{\circ}$. What
is the number of square inches in the area of the triangle?
## Knowledge: The area of a right triangle is given by A = (1/2) * base * height.

# Task Description:
Given the question, please just generate the formula or other knowledge related to the question as brief as
possible, like the <# Demonstration>. Just output the one related formula or other knowledge, DO NOT
output any other characters.
## Question:
[Please Put Your Question Here]
## Knowledge:
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Table 17: The prompt template of capability item generation.

Prompt template of Capability Item Generation

# Role:
You are an expert in the field of Math. Complete the task provided by the user.

# Demonstration:
{

“question":
“At a certain factory, 10 percent of the staplers produced on Monday were defective and 2 percent

of the non-defective staplers were rejected by mistake. If 72 of the non-defective staplers were rejected,
what was the number of staplers produced that day?"

“options": [
“A. 4,000",
“B. 4,200",
“C. 4,500",
“D. 4,800"

]
“rationale":

“Step 1. We’re told that 10% of staplers in a factory are defective. \n Step 2. X = Total staplers, 0.1X
= defective staplers, 0.9X = normal staplers. \n Step 3. We’re told that 2% of the normal staplers were
rejected by mistake and that this = 72 staplers. \n Step 4. 0.9X(0.02) = 72, 0.018X = 72, 18X = 72,000, X
= 4,000.",

“correct": “A"
}

# Task Description:
I will give you a piece of knowledge text, please help me generate a four-choice question which is one
deduction application of this knowledge, including the question, options, rationale and correct answer.
The knowledge is [Please Put Your Knowledge Here].
The answer is required to follow the **json** format in <# Demonstration>, as:

{
“question": Content of the question,
“options": list of four options,
“rationale": Content of the chain-of-thought with each step starting with ’Step x. ’, which is limited to

400 characters,
“correct": the single choice character of correct answer

}
You must and can only generate one deduction example of the given knowledge in the above json format.
No extra characters are allowed.
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Prompt Template for Re-Task (Lite) on FinancelQ Dataset.

# Role:你是一名金融领域的专家，请通过对<Knowledge Applica�on>的学习加深对响应的<Knowledge Recall>的应用能力，完成用户指
定的任务。
(# Role: You are an expert in the field of economics, please deepen your applica�on ability of<Knowledge Recall>through learning<Knowledge 
Applica�on> and complete the tasks specified by the user.)

# Capability Items for Overall Task:
## Knowledge Recall
[Please Put the Knowledge Recall of the overall Task Here.]

## Knowledge Applica�on
[Please Put the Knowledge Applica�on of the overall Task Here.]

# Ini�aliza�on
作为<Role>，你可以参考<Demonstra�on>完成用户给定的任务。
(As a<Role>, you can refer to<Demonstra�on>to complete the tasks given by the user.)

任务描述：现在根据下列输入的问题，从4个选项中选择一个正确的选项，请将答案填在[选项]与[选项]之间，例如[选项]C[选项]，必
须给出一个选项。
(Task descrip�on: Now, based on the following input ques�on, select the correct op�on from the 4 op�ons. Please fill in the answer between
[op�ons] and [op�ons], for example [op�on] C [op�on], one op�on must be given.)

问题 (Ques�on): [Please Put Your Ques�ons Here.]
选项 (Op�ons):   [Please Put Your Op�ons Here.]

答案 (Answer):

Figure 13: The Prompt Template for Re-TASK (Lite) on FinanceIQ Dataset.

Prompt Template for Re-Task (Full) on FinancelQ Dataset.

# Role:你是一名金融领域的专家，请通过<Knowledge Example 1>的学习加深对响应的<Knowledge Recall 1>的理解能力，对通过对
<Knowledge Applica�on 2>的学习加深对响应的<Knowledge Recall 2>的应用能力，完成用户指定的任务。
(# Role: You are an expert in the field of economics, please deepen your understanding of <Knowledge Recall 1> through learning <Knowledge 
Example 1> and deepen your applica�on ability of <Knowledge Recall> through learning <Knowledge Applica�on> and complete the tasks 
specified by the user.)

# Capability Items for Subtasks:
## Knowledge Recall 1
[Please Put the Knowledge Recall 1 of Subtasks Here.]

## Knowledge Example 1
[Please Put the Knowledge Example 1 of Subtasks Here.]

## Knowledge Recall 2
[Please Put the Knowledge Recall 2 of the Subtasks Here.]

## Knowledge Applica�on 2
[Please Put the Knowledge Applica�on 2 of the Subtasks Here.]

# Capability Items for Overall Task:
## Knowledge Recall
[Please Put the Knowledge Recall of the overall Task Here.]

## Knowledge Applica�on
[Please Put the Knowledge Applica�on of the overall Task Here.]

# Ini�aliza�on
作为<Role>，你可以参考<Demonstra�on>完成用户给定的任务。
(As a<Role>, you can refer to<Demonstra�on>to complete the tasks given by the user.)

任务描述：现在根据下列输入的问题，从4个选项中选择一个正确的选项，请将答案填在[选项]与[选项]之间，例如[选项]C[选项]，必
须给出一个选项。
(Task descrip�on: Now, based on the following input ques�on, select the correct op�on from the 4 op�ons. Please fill in the answer between 
[op�ons] and [op�ons], for example [op�on] C [op�on], one op�on must be given.)

问题 (Ques�on): [Please Put Your Ques�ons Here.]
选项 (Op�ons):   [Please Put Your Op�ons Here.]

答案 (Answer):

Figure 14: The Prompt Template for Re-TASK (Full) on FinanceIQ Dataset.
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Prompt Template For Genera�ng Knowledge on FinancelQ Dataset.

# Role:你是一名金融领域的专家，请完成用户指定的任务。
(# Role: You are an expert in the field of economics, please complete the tasks specified by the user.)

# Demonstra�on:
输入(Input): [Please Put a Subtask Here]
输出 (Output): [Please Put the Knowledge of the Subtask Here]

# Ini�aliza�on
作为<Role>，你可以参考<Demonstra�on>完成用户给定的任务。
(As a<Role>, you can refer to<Demonstra�on>to complete the tasks given by the user.)

任务描述：我将给你一些步骤和知识点，请帮我判断给定的知识点是否有用，如果有用，请帮我总结一个小标题，并给出知识点的具
体内容。要求以以下格式输出：1.知识点1：知识点1的具体内容； 2.知识点2：知识点2的具体内容。要求只关注我给你的知识点，不
要引入任何其他的知识点。只需要按上述格式生成内容，不要输出其他任何字符。
(Task descrip�on: I will give you some steps and knowledge points. Please help me determine if the given knowledge points are useful. If they
are, please summarize a subheading and provide specific content for the knowledge points. Require output in the following format: 1
Knowledge Point 1: The specific content of Knowledge Point 1; 2. Knowledge Point 2: The specific content of Knowledge Point 2. Please only
focus on the knowledge points I have given you and do not introduce any other knowledge points. Just generate the content inthe above
format and do not output any other characters.)

输入 (Input): [Please Put Your Subtask Here.]

输出 (Output):

Figure 15: The Prompt Template for generating knowledge on FinanceIQ Dataset.

Prompt Template for Genera�ng Capability Items on FinancelQ Dataset.

# Role:你是一名金融领域的专家，请完成用户指定的任务。
(# Role: You are an expert in the field of economics, please complete the tasks specified by the user.)

# Demonstra�on:
输入(Input): [Please Put the Conceptual Knowledge Here]
输出 (Output): [Please Put An Instances of the input knowledge Here]

输入(Input): [Please Put the Procedural Knowledge Here]
输出 (Output): [Please Put A Applica�on Case of the input knowledge Here]

# Ini�aliza�on
作为<Role>，你可以参考<Demonstra�on>完成用户给定的任务。
(As a<Role>, you can refer to<Demonstra�on>to complete the tasks given by the user.)

任务描述：我将给你一些知识，一类是程序性知识，一类是概念性知识。请你首先帮我对知识进行分类，对于概念性知识，请你帮我
结合实际举一个具体的例子对这个知识进行解释说明，不超过200字。对于程序性知识，请你先帮我结合实际帮我生成一个应用这个
程序性知识的选择题的题目、选项和答案，要求答案是先描述解题思路，再生成对应的选项。按照
题目：
选项：
答案：
的格式输出。每个知识点如果是程序性知识，就生成应用题，如果是概念性知识，就生成例子，每个知识点必须生成一个示例，不允
许多生成或者少生成。不允许生成多余的字符。
(Task descrip�on: I will give you some knowledge, one is procedural knowledge, and the other is conceptual knowledge. Please first help me 
classify the knowledge. For conceptual knowledge, please provide me with a specific example based on prac�cal experience to explain it, no 
more than 200 words. For procedural knowledge, please help me generate a mul�ple-choice ques�on, op�ons, and answers that apply this 
procedural knowledge based on prac�cal experience. The answer should first describe the problem-solving approach and then generate the 
corresponding op�ons. according to
Ques�on:
Op�ons:
Answer:
Format output. If each knowledge point is procedural knowledge, generate applica�on ques�ons; if it is conceptual knowledge, generate 
examples. Each knowledge point must generate one example, and it is not allowed to generate too much or too li�le. Genera�ng extra 
characters is not allowed.)

输入 (Input): [Please Put Your Knowledge Here.]

输出 (Output):

Figure 16: The Prompt Template for generating knowledge on FinanceIQ Dataset.

26


	Introduction
	Related Work
	Educational Theories
	Knowledge and Skills in LLMs
	Prompting Strategies

	Re-TASK
	Re-TASK Framework
	Capability Item Construction
	Re-TASK Prompting

	Experimental Setup
	Tasks and Datasets
	Settings
	Construction of Capability Items

	Experimental Results
	Law Domain
	Model Scaling

	Financial Domain
	STEM Domains

	Conclusion
	All Experimental Results
	Model Scaling
	Efficiency
	Case Study

	Experimental Settings
	Models
	Experimental Details

	Experimental Datasets
	Details of Sentencing Prediction Datasets
	Details of MMLU datasets
	Details of FinanceIQ datasets

	Experimental Prompts
	Law Domain
	STEM Domain
	Financial Domain


