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Abstract001

Large language models struggle with reason-002
ing over long contexts where relevant infor-003
mation is sparsely distributed. Although plan-004
and-execute frameworks mitigate this by de-005
composing tasks into planning and execution,006
their effectiveness is often limited by unreliable007
plan generation due to dependence on surface-008
level cues. Consequently, plans may be based009
on incorrect assumptions, and once a plan is010
formed, identifying errors and revising it reli-011
ably becomes difficult, limiting the effective-012
ness of reactive refinement. To address this013
limitation, we propose PPA-Plan, a proactive014
planning strategy for long-context reasoning015
that focuses on preventing such failures before016
plan generation. PPA-Plan identifies potential017
logical pitfalls and false assumptions, formu-018
lates them as negative constraints, and condi-019
tions plan generation on explicitly avoiding020
these constraints. Experiments on long-context021
QA benchmarks show that executing plans gen-022
erated by PPA-Plan consistently outperforms023
existing plan-and-execute methods and direct024
prompting.025

1 Introduction026

Large language models (LLMs) have become in-027

creasingly strong (Brown et al., 2020; Srivastava028

et al., 2023), with substantial improvements in029

both reasoning performance and supported con-030

text length, enabling their use across a wide range031

of applications. Nevertheless, when moving be-032

yond surface-level information retrieval or local033

understanding to complex, multi-step reasoning034

over long inputs, significant challenges remain.035

In such settings, task-relevant evidence is often036

sparsely distributed across distant spans, mixed037

with irrelevant details, or presented in positions038

that bias model attention (Liu et al., 2024). This039

leads to failure modes such as missed evidence,040

unsupported assumptions, hallucination, and incor-041

rect answers. Even with standard chain-of-thought042

prompting (Wei et al., 2022), models frequently 043

struggle to construct coherent reasoning trajecto- 044

ries and fail to arrive at correct answers for com- 045

plex queries, particularly in long-context scenar- 046

ios. These observations suggest that effective long- 047

context reasoning requires not only more extensive 048

reasoning traces, but also more deliberate control 049

over how reasoning processes are structured and 050

guided. 051

To address these challenges, recent work has 052

proposed plan-and-execute frameworks that de- 053

compose complex long-context tasks into an ex- 054

plicit planning stage followed by step-by-step ex- 055

ecution (Yao et al., 2023; Wang et al., 2023; Sun 056

et al., 2024; Erdogan et al., 2025; Hu et al., 2025). 057

While these approaches often leverage LLMs to 058

generate intermediate plans and have demonstrated 059

improvements over direct generation, the planning 060

stage itself remains a critical bottleneck. This is be- 061

cause existing LLM-based planners typically rely 062

on surface-level textual patterns present in long- 063

context inputs when generating plans (as illustrated 064

in Figure 1), rather than faithfully capturing the 065

underlying logical structure of the instruction or 066

task (Valmeekam et al., 2023; Tang et al., 2023). 067

As a result, generated plans often embed implicit 068

or unsupported assumptions, overlook necessary 069

constraints, or commit prematurely to specific rea- 070

soning paths, causing errors to cascade throughout 071

subsequent execution. 072

To mitigate such issues, prior work has largely 073

adopted reactive refinement strategies that revise 074

plans (Sun et al., 2024). However, this approach 075

is fundamentally limited, as LLMs tend to anchor 076

on their own generated outputs and exhibit strong 077

resistance to revising incorrect assumptions once 078

they are formed (Huang et al., 2023; Xi et al., 2025). 079

Consequently, identifying and correcting errors af- 080

ter plan generation is often more difficult than pre- 081

venting them in advance at the planning stage. 082

To equip LLMs with the ability to generate reli- 083
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Query: How many times did Burnett operate the claw in the passage?

1. burnett_claw_operations = FIND_ELEMENT(CTX, "operate", "Burnett claw") 
2. count_operations = COUNT_X(CTX, burnett_claw_operations)

Answer: He directs the claw to retrieve Kriere from space. Then, he operates the claw 
to close around Kriere and crush him. So, the number of times Burnett operates the 
claw is 2.

Query: Why was the murderer trying to kill Bo?

⚠  Negative Constraints: 
- Assuming the motive for the murder is explicitly stated, rather than needing to infer it 
from context clues or character interactions. 
- Assuming that the murderer has a single, clear motive, overlooking the possibility of 
multiple, complex reasons for their actions.

Plan 
① FIND_RELATION 
② FIND_ELEMENT 
③ FIND_EVENT 
④ CONCAT

1. murderer_relationship = FIND_RELATION(CTX,"murderer", "Bo") 
2. motive_clues = FIND_ELEMENT(CTX, "motive clues", "murderer") 
3. past_events = FIND_EVENT(CTX, "murderer") 
4. combined_motive = CONCAT(murderer_relationship, motive_clues, 
past_events)

Answer: …(details omitted). While the text does not provide explicit details about the 
murderer's motives, it suggests a broader context of violence and rivalry among individuals 
in the asteroid belt.

Example (a)

Planner

Plan  
① FIND_ELEMENT 
② COUNT_XExecutor

Result 1
Result 2

Query: Why was the murderer trying to kill Bo?

1. murderer_intent = FIND_INTENT(CTX, "murderer") 
2. bo_relationship = FIND_RELATION(CTX, "Bo", "murderer") 
3. motive = FIND_ELEMENT(CTX, "motive", "murderer") 
4. ans = CONCAT(murderer_intent, bo_relationship, motive)

Planner

Executor
Result 1
Result 2

Plan 
① FIND_INTENT 
② FIND_RELATION 
③ FIND_ELEMENT 
④ CONCAT

Result 3
Result 4

Answer: Specifically, the murderer is hunting Bo Jonsson, indicating a personal vendetta 
or a targeted mission. (…details ommited). In summary, the motive is multifaceted, 
involving personal revenge for Johnny Malone's death.

⚠  Negative Constraints: Assuming each mention of 'claw' necessarily implies an 
operation, without checking if some mentions refer to observations or descriptions 
unrelated to actual operation.

1. burnett_claw_operations = FIND_ALL_ISSUES(CTX, "Burnett operates the claw") 
2. num_operations = COUNT_X(CTX, burnett_claw_operations)

Answer: (…details omitted). The text mentions the retriever claws coming inside after the 
fight with Lethla, but this operation is not directly performed by Burnett. So, Burnett 
directly operates the claw once.

Planner

Pitfall 
Predictor

Executor

Query: How many times did Burnett operate the claw in the passage?

Corrector

Plan 
① FIND_ALL_ISSUES 
② COUNT_X

Result 1
Result 2

Planner

Pitfall 
Predictor

Executor
Result 1
Result 2
Result 3
Result 4

Corrector

Example (b)

Figure 1: Comparison of planning and execution results by PEARL (Sun et al., 2024) (top) and our PPA-Plan
(bottom) on QuALITY (Pang et al., 2022) using GPT-4o-mini. In Example (a), PEARL produces an incorrect
answer to a counting query due to surface-level keyword matching that ignores the situational context of who
performed each action. In Example (b), PEARL hallucinates a motive for a murder despite the absence of supporting
evidence in the document, resulting from premature assumptions. In contrast, PPA-Plan explicitly identifies and
avoids such logical pitfalls during plan generation, leading to more reliable reasoning and answers.

able plans to execute them for long-context scenar-084

ios, we introduce a planning strategy, PPA-Plan,085

short for Proactive Pitfall Avoidance Planning.086

PPA-Plan consists of three modules: (1) a Pit-087

fall Predictor, (2) a Planner, and (3) a Correc-088

tor. First, the Pitfall Predictor analyzes a query089

to explore potential logical pitfalls and false as-090

sumptions, which are formulated as Negative Con-091

straints that should be avoided during the plan gen-092

eration (see Figure 1). Conditioned on these con-093

straints, the Planner performs Strategy Reasoning094

to determine the logical structure of a plan while095

satisfying all the specified negative constraints. Af-096

ter this, if the plan violates syntactic requirements097

for executability, the Corrector is iteratively in-098

voked to repair such errors via Strategy Reasoning,099

while preserving the original intent by referencing100

both the query and the negative constraint set to101

preserve the initial plan logic. Once a valid plan is102

obtained, we sequentially execute its steps to pro-103

duce an open-ended free-form output using LLMs.104

From a broader perspective, PPA-Plan can also be105

viewed as a modular, multi-agent system, where106

different components specialize in distinct reason-107

ing roles and interact through explicit intermediate108

outputs (Woolridge, 2001; Yao et al., 2023; Wu 109

et al.; Kim et al., 2024). 110

We evaluate the effectiveness of PPA-Plan on a 111

subset of long-context question-answering bench- 112

marks, including QuALITY (Pang et al., 2022), 113

ConditionalQA (Sun et al., 2022), and LongRea- 114

son (Ling et al., 2025), and Qasper (Dasigi et al., 115

2021), a reading comprehension dataset that con- 116

tains questions about long-form articles. For 117

multiple-choice question-answering datasets, we 118

map the model’s generated free-form answer to one 119

of the candidate options using an LLM and report 120

accuracy, following Sun et al. (2024). Executing 121

plans generated by PPA-Plan consistently yields 122

more accurate answers with improved coverage 123

than existing plan-and-execute strategies or direct 124

prompting baselines, particularly for questions that 125

require reasoning over the full long document. 126

2 Related Work 127

Long-Context Reasoning. Recent advance- 128

ments in LLM architectures and training systems, 129

such as Rotary Position Embedding (RoPE) (Su 130

et al., 2024), Position Interpolation (PI) (Chen 131

et al., 2023), RingAttention (Liu et al., 2023), 132
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YaRN (Peng et al., 2024), and ALiBi (Peng et al.,133

2024) have significantly enhanced the model’s134

capacity to process extended context lengths;135

however, the ability to perform complex reasoning136

over long contexts remains limited, as expanding137

the context window does not inherently grant the138

model the capability to synthesize logic across139

vast information (Liu et al., 2024). This limitation,140

further evidenced by comprehensive long-context141

benchmarks like LongBench (Bai et al., 2024a),142

LooGLE (Li et al., 2024), and RULER (Hsieh143

et al., 2024), as well as reasoning-intensive tasks144

in QuALITY (Pang et al., 2022) and LongRea-145

son (Ling et al., 2025), motivates our work to146

focus on enhancing reasoning strategies rather than147

merely extending input length.148

LLM-based Planning. Foundational planning149

frameworks, such as Plan-and-Solve (Wang et al.,150

2023) and ReAct (Yao et al., 2023), established the151

importance of task decomposition; however, they152

are not inherently designed for long-context sce-153

narios. Subsequent reactive strategies like Reflex-154

ion (Shinn et al., 2023), Self-Refine (Madaan et al.,155

2023), and ADaPT (Prasad et al., 2024) utilize lin-156

guistic feedback to refine logic post-hoc, yet they157

tend to anchor on initial faulty outputs (Huang et al.,158

2023; Xi et al., 2025). While PEARL (Sun et al.,159

2024) successfully integrated these paradigms into160

long-context tasks, it remains limited by its reliance161

on reactive refinement and a mechanism designed162

around surface-level textual patterns. These limi-163

tations motivate our focus on proactively prevent-164

ing logical errors by leveraging an agent-planning165

framework designed for long-context reasoning.166

3 Method167

We propose a planning strategy, PPA-Plan, that168

produces reliable execution plans for tasks that169

require complex reasoning over long documents.170

The core idea of PPA-Plan is to proactively iden-171

tify potential logical pitfalls and false assumptions172

before plan generation, and to generate negative173

constraints that explicitly guide the planning pro-174

cess. By conditioning planning on these constraints,175

PPA-Plan systematically avoids error-prone rea-176

soning paths that are difficult to correct once a plan177

is formed. PPA-Plan consists of three components:178

(1) a pitfall predictor Mpred, (2) a planner Mplan,179

and (3) a corrector Mcorr. Figure 2 illustrates the180

overall framework of PPA-Plan and a concrete ex-181

ample.182

3.1 Pitfall Predictor for Negative Constraint 183

Generation 184

The pitfall predictor Mpred analyzes a query q to 185

identify potential logical pitfalls and false assump- 186

tions, which are formalized as a negative constraint 187

set Cneg. These constraints specify reasoning pat- 188

terns that should be avoided during plan generation. 189

To perform this analysis, Mpred adopts the func- 190

tional roles of an exam designer and a logic analyst, 191

critically examining q to uncover implicit premises. 192

Using a structured prompt, as shown in Table 4, 193

with task-specific guidelines and few-shot demon- 194

strations covering multi-hop inference, scope con- 195

straints, and counting, the predictor identifies risks 196

such as shallow semantic patterns, scope confusion, 197

and keyword-based guessing. 198

The predictor derives up to k most critical con- 199

straints in a structure JSON format to ensure com- 200

patibility with the downstream modules. Formally, 201

Cneg = {c1, c2, . . . , ck} = Mpred(q) 202

The resulting Cneg is passed to the planner to facili- 203

tate constraint-aware plan generation. 204

3.2 Constraint-Aware Plan Generation 205

Given the query q and negative constraint set Cneg, 206

the planner Mplan generates an executable plan 207

while avoiding the identified logical pitfalls. Rather 208

than directly producing a plan, Mplan first per- 209

forms Strategy Reasoning, an intermediate reason- 210

ing step that determines how the action sequence 211

for the query q should be structured to satisfy the 212

constraints, by analyzing Cneg. 213

This reasoning step is guided by few-shot demon- 214

strations that map the identified pitfalls to concrete 215

strategic adjustments (Table 5). By incorporating 216

exemplars that showcase the causal link between 217

strategy and action selection, the module guides 218

the agent’s internal reasoning process toward the 219

intended cognitive path before generating the ini- 220

tial plan. The rationale behind this approach (Strat- 221

egy Reasoning) is that simply imposing Cneg often 222

leads models to ignore prohibitions or leaves them 223

unsure of alternative actions. 224

To ensure planning stability and reliable ground- 225

ing, Mplan selects actions from a pre-defined ac- 226

tion space A1 to translate this derived strategy into 227

1We adopt the standard action space A and function-call for-
mat output=action(args) provided by PEARL (Sun et al.,
2024). We also allow Mplan to dynamically define and use
auxiliary actions if the required operation is absent from A.
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Valid?
Yes

Pitfall Predictor

[Strategy Reasoning] 
According to the definitions, SUMMARIZE_X takes two arguments: (CTX, X). 
To fix this while preserving the logic of the chronological sequence, 
I will pass only the sorted sequence into the action.

Answer

Constraint-Aware 
Planner

Context-Aware 
Corrector

[Strategy Reasoning] 
To counter the lack of explicit dates, I first extract scattered 
events via FIND_DETAILS. Then, instead of relying on temporal markers, I SORT them 
using context clues to reconstruct a coherent chronology with SUMMARIZE_X.

1. korvin_tr'en_details = FIND_DETAILS(CTX) 
2. sorted_korvin_tr'en_details = SORT(CTX, korvin_tr’en_details) 
3. ans = SUMMARIZE_X(CTX, korvin_tr’en_details, sorted_korvin_tr’en_details)

1. korvin_tr'en_details = FIND_DETAILS(CTX) 
2. sorted_korvin_tr'en_details = SORT(CTX, korvin_tr’en_details) 
3. ans = SUMMARIZE_X(CTX, sorted_korvin_tr’en_details)

Plan(CTX, X, Y) 🚨
Executor

Input: Document           , Plan

- Assuming explicit dates/years instead of inferring 
sequence from context clues.

[Negative Constraints,     ]Cneg

"The chronology of Korvin's time with the Tr'en is:"
[Question,   ]Q Input:     ,       , Action ListCnegQ

Input:     ,       , Action List, Invalid Plan, Error ListCnegQ

Strategy Reasoning

Answer

[Plan]

[Plan]

search 
space

1. FIND_DETAILS(CTX) Result 1

2. SORT(CTX, korvin_tr’en_details) Result 2

3. SUMMARIZE_X(CTX, 
   sorted_korvin_tr’en_details) Result 3

execution
(=CTX)

✗
✗

✗

1

2

3

4

No

3.1 

3.2
1. Should I simply remove X? 
2. Should I optimize the plan after      
   deleting X? 
3. Alternatively, is there an  
   alternative action that supports  
   (CTX, X, Y)?

Strategy Reasoning

Figure 2: Overview of PPA-Plan, a proactive planning framework designed to generate reliable plans and execute
them for long-context reasoning. The figure illustrates the full planning process through a concrete example. (1) If
the document is not expected to contain explicit temporal markers based on the query, Mpred generates negative
constraints to suppress the assumption of concrete dates. (2) Guided by these constraints, Mplan performs strategy
reasoning to reconstruct the chronology from scattered events based on context clues, rather than attempting a futile
search for nonexistent explicit dates, then Mplan generates a plan based on this strategy. (3) If the plan has an
invalid format, such as incorrect arguments of SUMMARIZE_X, Mcorr conducts strategy analysis to find the best way
of fixing and optimizing the plan, such as by removing redundant arguments.

an executable plan. This approach prevents the gen-228

eration of non-executable text, aligning the agent’s229

logic with the environment’s specific capabilities.230

The initial plan is generated as:231

P(0) = Mplan(q,A, Cneg)232

Once P(0) is generated, a syntactic validity233

check is applied. If the plan is executable, it is234

forwarded to the execution module. Otherwise, it235

is passed to the corrector for refinement.236

3.3 Context-Aware Correction237

Simultaneously managing high-level logic and238

strict formatting often leads LLMs to prioritize se-239

mantic integrity over syntactic precision (Saparov240

and He, 2023; Zhao et al., 2025). To resolve241

these issues, we propose Context-Aware Correc-242

tion, which decouples syntactic alignment from243

logical planning. The corrector Mcorr receives244

q and Cneg alongside immediate feedback F (t−1),245

defined as the invalid plan and associated error mes-246

sages from the previous step (t− 1). By focusing247

on F (t−1) over a cumulative history, we mitigate248

the risk of informational noise from stale iterations 249

and prioritize diagnosing and repairing the current 250

failure. 251

Mcorr performs Strategy Reasoning by map- 252

ping the error feedback F (t−1) to a repair operation 253

to rectify the flawed plan P(t−1) generated for q. 254

Mcorr accordingly determines the optimal resolu- 255

tion that satisfies syntactic requirements without 256

compromising the original intent. Based on this 257

derived strategy, Mcorr then reconstructs the in- 258

valid plan P(t−1) into a refined version to achieve 259

syntactic alignment. 260

To implement this, we employ few-shot in- 261

context learning with demonstrations that cover 262

representative failure cases, such as unknown ac- 263

tions, undefined variables, and incorrect argument 264

counts (see Table 6). By showcasing the causal 265

link between specific error types and their optimal 266

resolutions, these few-shot demonstrations facili- 267

tate the strategy reasoning required to transform 268

raw error messages into precise, executable plan 269

corrections. 270
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We formalize the iterative correction process as:271

P(t) = Mcorr(q,A, Cneg,F (t−1)), 1 ≤ t ≤ B272

This process repeats until a plan satisfies the syntax273

requirements for execution or reaches the budget274

on the number of corrections, B.275

3.4 Plan Execution276

Once the final executable plan is obtained, it is277

passed to the plan execution module Mexec. The278

executor operates by sequentially parsing each step279

of the plan. For each step, it constructs a specific280

execution prompt by integrating the defined action,281

arguments, and the long document D. The resulting282

output from this execution is stored in a designated283

variable. Crucially, for steps requiring inputs from284

preceding actions, the executor resolves data de-285

pendencies by substituting variable placeholders286

with their corresponding stored results. This iter-287

ative process converts the logical plan into a set288

of concrete evidence E , which constitutes the final289

system response.290

4 Experiments291

4.1 Experimental Setup292

Model Selection. We evaluate performance dif-293

ferent LLMs: GPT-4o-mini (OpenAI et al., 2024),294

Llama-3.1-8B-Instruct (Grattafiori et al., 2024),295

and Qwen-2.5-14B-Instruct (Qwen et al., 2025).296

For Llama and Qwen models, we apply 8-bit quan-297

tization (Dettmers et al., 2022) to maximize infer-298

ence efficiency while minimizing performance loss.299

This approach ensures optimal performance within300

limited VRAM resources. Specific hyperparameter301

settings and hardware specifications are described302

in the Appendix A.1.303

Datasets and Task Formulation. To verify com-304

plex reasoning in long contexts, we use QuAL-305

ITY (Pang et al., 2022), ConditionalQA (Sun et al.,306

2022), and LongReason (Ling et al., 2025) for307

multiple-choice tasks and Qasper (Dasigi et al.,308

2021) for free-form answer tasks. We simulate309

real-world scenarios by restricting models from310

accessing gold-standard information; instead, we311

convert all instances into generative tasks that re-312

quire long-form answers. For Table 1, we eval-313

uate methods on the intersection of samples for314

which all methods successfully generated outputs315

to ensure a fair qualitative comparison, while Ta-316

ble 2 includes the full test set to better evaluate317

overall robustness. For input length L exceeding 318

the context length M , we truncate the input se- 319

quence S to preserve the document’s extremities, 320

as critical information is typically concentrated at 321

the beginning and end (Liu et al., 2024): S1:L → 322

[S1:⌊M/2⌋;SL−⌊M/2⌋−1:L] (Bai et al., 2024b). De- 323

tailed dataset statistics are provided in the Ap- 324

pendix A.1. 325

Evaluation Metrics. We primarily calculate 326

token-level recall (Lin, 2004) and Natural Lan- 327

guage Inference (NLI) scores (Honovich et al., 328

2022; Chen and Eger, 2023) to evaluate the quality 329

of generated answers from multiple perspectives. 330

Recall measures how well the model includes core 331

information from the gold standard without omis- 332

sions. 333

NLI-based evaluation (Chen and Eger, 2023) 334

assesses semantic equivalence through logical en- 335

tailment, effectively capturing nuances in noisy rea- 336

soning sequences where surface-level string match- 337

ing often fails (Balamurali and Cheng, 2025). Our 338

NLI-based evaluation uses the entailment probabil- 339

ity from DeBERTa-V3-Large (He et al., 2023). To 340

identify the presence of correct information within 341

long answers, we follow the granularity alignment 342

strategy (Laban et al., 2022) by applying a slid- 343

ing window and selecting the maximum entailment 344

probability as the final score. For ease of interpre- 345

tation and consistency with accuracy, NLI scores 346

and Recall are scaled to a 0–100 range. 347

For ConditionalQA, where we focus on the bi- 348

nary (Yes/No) classification, we exclude recall eval- 349

uation because the highly restricted answer format 350

makes token-level metrics inappropriate. For NLI- 351

based evaluation, we format each question and its 352

ground truth into a declarative statement (e.g., ’The 353

answer to [X] is [Y]’) to verify whether generated 354

responses logically entail the correct answer. 355

For multiple-choice datasets, we also measure 356

accuracy by using GPT-4o as a judge (Zheng et al., 357

2023) to map the generated responses to the avail- 358

able options, as it shows a high correlation with hu- 359

man judgment and identifies semantic equivalence 360

more accurately than simple string matching. Ta- 361

ble 10 and Appendix A.1 provide implementation 362

details for these metrics. For Qasper, accuracy eval- 363

uation is excluded as the dataset primarily consists 364

of free-form responses rather than multiple-choice 365

questions. 366

Methods. We select Generative Question An- 367

swering (GQA), zero-shot Chain-of-Thought 368
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QuALITY Cond.QA LongReason Qasper Overall

Method Acc Rec NLI Acc NLI Acc Rec NLI Rec NLI Acc Rec NLI

GQA 71.6 49.0 23.8 80.7 27.2 61.8 66.9 50.6 65.8 37.5 71.4 60.6 34.8
CoT 71.1 50.9 26.2 85.1 46.5 67.4 68.1 49.0 64.9 46.2 74.5 61.3 42.0
PS 67.4 46.6 31.2 81.1 42.2 65.2 65.5 41.6 62.4 40.5 71.2 58.2 38.9

PEARL 70.3 50.9 38.1 85.3 53.2 56.8 64.5 72.1 66.5 51.1 70.8 60.6 53.6G
PT

-4
o

m
in

i

PPA-Plan 73.4 54.0 41.0 81.3 50.3 67.6 66.6 69.9 67.1 61.8 74.1 62.6 55.8

GQA 68.5 47.7 23.2 77.7 21.4 59.2 57.7 37.1 60.5 31.5 68.5 55.3 28.3
CoT 68.1 46.0 16.5 82.2 39.6 55.8 55.0 29.5 61.3 36.6 68.7 54.1 30.6
PS 66.7 44.7 16.9 80.8 25.7 48.3 42.0 33.1 58.6 36.2 65.3 48.4 28.0

PEARL 68.5 51.4 48.5 80.1 75.9 55.8 56.9 76.2 66.0 74.8 68.1 58.1 68.9L
la

m
a

3.
1-

8B

PPA-Plan 70.8 53.9 50.5 79.1 75.9 67.9 62.3 77.9 67.3 75.6 72.6 61.2 70.0

GQA 70.8 44.6 21.0 78.9 17.8 64.1 63.2 40.2 62.5 34.9 71.3 56.8 28.5
CoT 68.3 45.3 22.1 83.1 36.7 67.0 64.9 43.2 63.4 36.6 72.8 57.9 34.7
PS 69.5 42.6 26.5 81.5 33.9 61.1 60.5 30.9 62.8 39.0 70.7 55.3 32.6

PEARL 72.7 48.4 37.7 81.4 56.1 60.1 61.2 66.6 63.6 46.1 71.4 57.7 51.6Q
w

en
2.

5-
14

B

PPA-Plan 75.1 49.8 39.6 83.9 54.8 72.3 66.3 68.9 67.1 56.4 77.1 61.1 54.9

Table 1: Performance comparison on various datasets. Bold indicates the best performance among all compared
methods (GQA, CoT, PS, PEARL, and PPA-Plan) for each LLM and dataset combination. Cond.QA, GQA, and PS
denote ConditionalQA, Generative Question Answering, and Plan-and-Solve, respectively.

(CoT) (Wei et al., 2022), Plan-and-Solve (Wang369

et al., 2023), and PEARL (Sun et al., 2024) as base-370

lines. For CoT and Plan-and-Solve, we evaluate the371

full reasoning process, relying on NLI-based met-372

rics to mitigate potential recall bias. To ensure373

a consistent comparison, our method PPA-Plan374

adopts the same action space as PEARL. For both375

PEARL and PPA-Plan, we set the plan correction376

budget B = 7 to balance performance and infer-377

ence efficiency. We also set the maximum number378

of negative constraints to k = 3. Specific prompts379

are provided in Table 7, Table 8, and Table 9. For380

both PEARL and the Executor of PPA-Plan, we381

adopt the original prompt configurations as speci-382

fied in Sun et al. (2024).383

4.2 Results384

Table 1 shows that PPA-Plan consistently achieves385

competitive performance across models. It yields386

notable gain over PEARL on Llama-3.1-8B-387

Instruct (+4.5% acc, +3.1% recall) and achieves the388

best accuracy on Qwen-2.5-14B-Instruct (77.1%).389

The improvements in the NLI metric, which evalu-390

ates the validity of reasoning, are even more signif-391

icant than those in standard accuracy. Compared392

to CoT, PPA-Plan increases overall NLI scores by393

13.8 points for GPT-4o-mini and 20.2 points for394

Qwen-2.5-14B-Instruct. The results on Llama are395

particularly remarkable; our method raises the NLI 396

score from 30.6 to 70.0, representing a more than 397

two-fold increase. This substantial performance 398

gap demonstrates that PPA-Plan identifies logical 399

causalities via constraints rather than merely match- 400

ing keywords or generating superficially plausible 401

yet logically flawed sentences. 402

The corrective impact of this framework is most 403

pronounced in open-source models with relatively 404

limited reasoning capabilities, such as Llama and 405

Qwen. Notably, Qwen achieved the highest ac- 406

curacy of 77.1% across all experimental groups, 407

showing that our approach effectively unlocks the 408

model’s latent reasoning potential. These results 409

suggest that the proposed method is a robust solu- 410

tion for maximizing the latent reasoning capacity 411

within small to medium-sized models. 412

On the ConditionalQA dataset, PPA-Plan occa- 413

sionally falls short of the highest scores in specific 414

metrics. This gap likely stems from the multi- 415

faceted analysis of our planning process, which 416

increases information richness to avoid bias. The 417

NLI model often perceives this multi-faceted con- 418

tent as noise or information dilution, resulting in 419

underestimated quantitative scores. Appendix A.2 420

provides a detailed analysis and quantitative proof 421

of this phenomenon. 422
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LongReason

Model Mpred Mplan Mcorr Acc Rec NLI

✓ ✓ ✓ 60.9 61.9 65.6
✓ ✓ ✗ 47.5 48.8 51.4
✓ Van. ✗ 53.1 54.8 60.9

G
PT

-4
o

m
in

i

✗ Van. ✗ 37.7 42.7 48.9

✓ ✓ ✓ 59.8 57.0 60.4
✓ ✓ ✗ 50.6 47.2 50.5
✓ Van. ✗ 48.5 43.7 53.0Q

w
en

2.
5-

14
B

✗ Van. ✗ 40.9 42.2 47.5

Table 2: Ablation study on the LongReason dataset
using GPT-4o-mini and Qwen-2.5-14B-Instruct. We
evaluate the contribution of each component. Van. de-
notes Vanilla, representing a standard planner without
the strategy reasoning process.
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w/o corr

w/o plan& corr

w/o pred& plan& corr GPT-4o-mini
Qwen-2.5-14B-Instruct

Figure 3: Impact of PPA-Plan components on plan exe-
cutability and reasoning accuracy.

4.3 Ablation Study423

This section analyzes how each component (the Pit-424

fall Predictor Mpred, the Constraint-Aware Planner425

Mplan, and the Context-Aware Corrector Mcorr)426

contributes to the overall performance of PPA-Plan.427

Table 2 shows that for both GPT-4o-mini and428

Qwen-2.5-14B-Instruct, the full PPA-Plan configu-429

ration yields the best results across all metrics. We430

adopt the original prompt configurations for the431

Vanilla Planner, as specified in Sun et al. (2024).432

Removing Mpred under the vanilla planner433

setup also results in a performance decline. For434

GPT-4o-mini, accuracy drops by 15.4% (from435

53.1% to 37.7%) and the NLI score by 12 (from436

60.9 to 48.9). A similar trend is observed in Qwen-437

2.5-14B-Instruct, where accuracy and NLI score438

decrease by 7.6% (from 48.5% to 40.9%) and by439

5.5 (from 53.0 to 47.5). These results suggest that440

a planner struggles to identify logical pitfalls on441

its own. Thus, preemptive pitfall identification pro-442

vides a critical guide for the planning process.443

Removing Mcorr also leads to a substantial per-444

formance drop, demonstrating its role as a safety445

Information
Synthesis

Implicit
Constraint

Boundary
& Scope

Logical
Consistency

Negative
& Absence

0

100

200

300

400

500

Fr
eq

ue
nc

y

LongReason
Qasper

Figure 4: Distribution of negative constraint types gener-
ated by the Pitfall Predictor on LongReason and Qasper.

net for plan executability. For GPT-4o-mini, ac- 446

curacy decreases by 13.4% and the NLI score by 447

14.2; similarly, Qwen-2.5-14B-Instruct exhibits de- 448

clines of 9.2% and 9.9. Interestingly, GPT-4o- 449

mini performs worse when removing only Mcorr 450

(47.5%) than when removing the proposed Mplan 451

and Mcorr (53.1%). As shown in Figure 3, this oc- 452

curs because sophisticated plans from Mplan often 453

lead to format violations (Saparov and He, 2023; 454

Zhao et al., 2025). Without Mcorr, the success rate 455

of valid formats falls to 74.3%, lower than the base- 456

line’s 79.7%, whereas the full framework reaches 457

93.3%. This underscores that Mcorr is essential for 458

maintaining the validity of complex plans, creating 459

an organic synergy between the proposed modules. 460

Conversely, Qwen shows an increased success 461

rate when removing only Mcorr (72.9%) compared 462

to the baseline, where the proposed Mplan and 463

Mcorr are absent (67.4%). This trend indicates 464

that the plan generated by Qwen’s Mplan has rela- 465

tively low complexity, which a baseline corrector 466

can handle to some extent. These findings confirm 467

that Mcorr becomes increasingly vital for high- 468

performance models; because these models gen- 469

erate more sophisticated plans, they require a spe- 470

cialized correction module to ensure executability 471

without violating the required format. 472

4.4 Analysis 473

Distribution of Negative Constraints. We an- 474

alyzed the characteristics of negative constraints 475

by classifying 200 sampled instances from Lon- 476

gReason and Qasper using GPT-4o across five cate- 477

gories. As shown in Figure 4, information synthesis 478

is the most frequent type, followed by implicit con- 479

straints and boundary & scope. This distribution 480

confirms that our framework identifies pitfalls re- 481

quiring global information integration and logical 482

depth beyond surface-level text. Full definitions 483

and statistics are provided in Appendix A.3. 484
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(a) LongReason
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Figure 5: Strategic shift in action distributions induced by negative constraints and strategy reasoning. The baseline
refers to a vanilla plan-and-execute setup that uses the Vanilla Planner without negative constraints and strategy
reasoning, in contrast to PPA-Plan, which incorporates both.

Impact on Planning Behavior. This section ex-485

amines how negative constraints transform the plan-486

ner’s reasoning. We compare PPA-Plan with a487

baseline that uses the Vanilla Planner without nega-488

tive constraints and strategy reasoning using Qwen-489

2.5-14B-Instruct on LongReason and Qasper, fo-490

cusing on the top 10 actions. Given the consistent491

patterns across both datasets, we use LongReason492

as a representative case.493

Results show that applying negative constraints494

induces substantial changes in the model’s reason-495

ing process. Most notably, this approach improves496

plan complexity and sophistication. The average497

plan step count increases by 1.26 from 4.47 to 5.73498

in LongReason and by 1.45 from 2.98 to 4.43 in499

Qasper compared to the baseline. This increase in-500

dicates that the model establishes more detailed and501

sophisticated plans to preemptively block potential502

errors by using negative constraints and strategy503

reasoning.504

Second, action patterns shift from simple extrac-505

tion toward logical reasoning. Figure 5 shows that506

high-level reasoning actions, such as INFER and507

SUMMARIZE_X, increase significantly. This trend508

suggests that constraints force the model to logi-509

cally connect and summarize gathered information510

instead of simply listing it.511

Third, the model’s self-verification mechanism512

becomes active. EVALUATE and EXPLAIN_PROCESS513

appear frequently in plans using constraints, even514

though they were absent from the top baseline ac-515

tions. This shift shows that the model does more516

than verify whether its plan satisfies the given con-517

straints; it also facilitates a more objective assess-518

ment of the context, thereby mitigating potential519

reasoning biases.520

Fourth, information-collection behaviors have 521

advanced significantly. The frequency of entity 522

search actions relying on surface-level informa- 523

tion, such as FIND_CHARACTER, FIND_DIALOGUE, 524

COMPARE, and IDENTIFY_ELEMENT, decreases. In 525

contrast, deep evidence collection actions such as 526

FIND_ELEMENT and FIND_DETAILS increase, help- 527

ing the model collect specific evidence, identify 528

logical contradictions, and explore logical interde- 529

pendencies among various elements. This contrast 530

indicates that the model avoids surface-level key- 531

word searches and instead collects multifaceted 532

logical evidence to improve the precision of its 533

reasoning. 534

5 Conclusion 535

To address the tendency of LLM-based planners 536

to anchor on initial flawed outputs during reac- 537

tive refinement, we propose PPA-Plan, a planning 538

strategy that proactively prevents logical pitfalls in 539

planning by introducing negative constraints prior 540

to plan generation. Experimental results demon- 541

strate that PPA-Plan consistently achieves higher 542

accuracy and stronger long-context reasoning capa- 543

bilities than existing baselines. Our analysis further 544

reveals that, by incorporating negative constraints 545

with multiple perspectives, PPA-Plan encourages 546

more deliberate planning behaviors, shifting from 547

surface-level keyword search toward analytical ac- 548

tions such as evaluation and reasoning. In conclu- 549

sion, this study establishes a systematic framework 550

that allows LLMs to recognize pitfalls and think 551

strategically before execution. PPA-Plan presents 552

a new paradigm for ensuring reliability and accu- 553

racy in agent environments requiring complex plan- 554

ning. 555
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Limitations556

While PPA-Plan achieves impressive results, we557

identify three primary limitations. First, because558

the Context-Aware Corrector assumes the model559

can generate a baseline level of coherent output,560

small-scale models struggle to generate a valid plan561

format, despite the correction process. Second, the562

framework operates on the premise that negative563

constraints accurately capture actual pitfalls. Iden-564

tifying a false pitfall introduces noise that disrupts565

the planning process, which prevents the model566

from establishing an accurate plan. Third, our sys-567

tem inherits the efficiency issues found in PEARL;568

repeatedly processing long contexts alongside mul-569

tiple plan steps results in slow inference speeds.570

To strengthen system robustness, we plan to ex-571

plore fine-tuning techniques for smaller models572

and add a module to verify the logical validity of573

generated negative constraints. We also aim to en-574

sure practical utility by applying context caching575

to increase inference efficiency.576
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A Appendix839

A.1 Experimental Setup Details840

All local experiments were conducted on a single841

NVIDIA A6000 48GB GPU. For all models, in-842

cluding GPT-4o (LLM-as-a-Judge), we employed843

greedy decoding (temperature = 0, do_sample =844

False) to ensure reproducibility. For all genera-845

tion tasks, we set the maximum number of output846

tokens to 512, whereas the pitfall predictor was847

limited to 256 tokens. In the NLI-based evalua-848

tion, we set the window size to 512 and stride to849

256. Since all method is training-free and requires850

no parameter updates, we utilized the entire set of851

available samples for evaluation, comprising the852

original training, validation, and test splits, to en-853

sure statistical robustness. Adopting the setup from854

PEARL (Sun et al., 2024), we utilized the human855

annotation scores to distinguish task difficulty. An856

average score ≥ 3 were classified into the long split,857

while the remainder were classified into the short858

split. The detailed composition of our evaluation859

dataset is in Table 3.

Dataset Config. Split Samples

long dev 330
long train 368
short dev 302

QuALITY

1000

binary train 860
binary dev 140Cond.QA

1000

16k - 500
32k - 500LongReason

1000

free-form dev 300
free-form train 600Qasper

900

Table 3: Overall composition and statistics of the eval-
uation datasets used for the main results. Cond.QA
denotes ConditionalQA dataset, Config. denotes Con-
figuration.

860

A.2 Intrinsic Reasoning Faithfulness861

To verify the logical robustness and correctness of862

the answers generated under our constraint sets, we863

conducted a separate core conclusion extraction864

analysis. As shown in Figure 6, using 200 ran-865
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46.22%
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to Low Score to Mid Score to High Score

Figure 6: NLI transition analysis of Stotal to Score. (a)
represents the recovery rate in the low-score group,
while (b) shows the logical density and evidence re-
tention in the high-score group. Note that PPA-Plan
successfully bypasses potential pitfalls through multi-
faceted reasoning.

domly sampled instances from the ConditionalQA 866

dataset, we compared the original answer scores 867

(Stotal) with the scores of core conclusions (Score) 868

extracted via GPT-4o-mini. We categorized these 869

instances into low-score (Stotal < 0.3) and high- 870

score (Stotal > 0.7) groups to measure the transi- 871

tion rates between these score states. Experimen- 872

tal results show that PPA-Plan achieves a 56.73% 873

transition rate from the initial low Stotal group to 874

the high Score group. This rate is more than 15% 875

higher than those of CoT (40.54%) and PEARL 876

(41.98%). This result proves that the abundance of 877

information in PPA-Plan, generated to avoid bias 878

or perform multi-perspective analysis, acts as noise 879

during NLI evaluation rather than indicating actual 880

logical failures. While PPA-Plan maintains logi- 881

cal robustness and correctness through deep rea- 882

soning, NLI metrics underestimate its performance 883

more severely than other methods. In contrast, CoT 884

shows the lowest transition rate, suggesting its low 885

scores likely stem from actual logical flaws rather 886

than information richness. 887

Analysis of the high-score (Stotal) group reveals 888

that extracting core conclusions caused transitions 889

to low or mid Score at rates of 47.06% for PEARL 890

and 47.91% for PPA-Plan. These figures represent 891

a score drop approximately 27% larger than the 892

20.22% observed for CoT. This significant decrease 893

indicates that the detailed explanations generated 894

by PPA-Plan serve as essential logical grounding 895

that supports the final answer. Notably, CoT exhib- 896

ited the highest state-retention rates, 54.95% for 897

low-to-low and 79.78% for high-to-high, confirm- 898

ing that NLI metrics underestimate CoT the least 899

among all compared approaches. 900
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A.3 Distribution of Negative Constraints.901

This section analyzes the error types identified by902

the Pitfall Predictor and the characteristics of the re-903

sulting negative constraints. We randomly sampled904

200 instances of negative constraints generated us-905

ing Qwen-2.5-14B-Instruct from the LongReason906

and Qasper datasets. GPT-4o then served as an907

LLM judge to perform multi-label classification908

across five predefined categories (Figure 4).909

Results show that information synthesis is the910

most frequent category in both datasets, with 491911

labels in LongReason and 542 in Qasper. The total912

label count exceeds the number of samples because913

a single negative constraint can belong to multi-914

ple categories. This high frequency indicates that915

our constraints force the model to integrate scat-916

tered information throughout long contexts during917

reasoning. By requiring this synthesis, the frame-918

work prevents the model from drawing conclusions919

based solely on localized information within spe-920

cific paragraphs.921

Implicit constraints also account for a signifi-922

cant portion of the labels (232 and 235 occurrences,923

respectively). These constraints address essential924

preconditions for logical completeness not explic-925

itly stated in the text. By identifying these hidden926

requirements, the negative constraints prevent mod-927

els from merely reacting to surface-level text and928

instead force them to recognize underlying logical929

constraints for deeper reasoning.930

Finally, the boundary & scope category (162 and931

168 occurrences) optimizes the vast search space932

within the specific limits of the problem. This ap-933

proach prevents premature generalizations or un-934

founded logical expansions, where models create935

unfounded causal links to jump to conclusions, al-936

lowing the model to maintain reasoning precision937

within the prescribed domain.938
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Negative Constraint Generation

You are an expert Exam Designer and Logic Analyst. Your goal is to look at the [Question] and
predict 1-3 critical pitfalls a planner might make related to risky logical assumptions.
Instead of stating obvious generalities, you must identify content-specific risks where a
simple keyword search or superficial reading would lead to a wrong answer.

Strict Constraints:
1. No Hallucination: Do not assume specific text structures (e.g., "split into two").
2. No Solutions: Identify the trap only. Do NOT provide actionable plans here.
3. No Repetition: Identify assumptions *unique* to this question, not just copying examples.

Return the result as a concise JSON list.
Format:
{"assumption_pitfalls": [
"<Pitfall 1: A brief explanation of the pitfall>",
"<Pitfall 2: (Optional)>",
"<Pitfall 3: (Optional)>"
]}

---
### Example 1 (Multiple Inferences Required)

[Question]
"Why did the author write the article?"

[Answer]
{“assumption_pitfalls": [
"Assuming the author’s ’purpose’ or ’reason’ is stated explicitly as a single sentence.",
"Assuming the ’author’ and the ’narrator’ are the same entity and share the same motivations.",
"Assuming the purpose must be inferred only from the conclusion, and not from the article’s
overall tone and main theme."
]}

---
### Example 2 (Specific Scope Constraint)

[Question]
"What is the “space cafard” that Si describes?"

[Answer]
{“assumption_pitfalls": [
"Assuming any general definition of ’space cafard’ is correct, rather than focusing only on the
specific definition or description provided by Si."
]}

---
### Example 3 (Multiple Subjects / Scattered Info)

[Question]
"Arvid 6 and Tendal 13 can perform all of the following abilities EXCEPT:"

[Answer]
{“assumption_pitfalls": [
"Assuming the abilities for ’Arvid 6’ and ’Tendal 13’ are listed together in the same section.",
"Assuming a single list covers both characters, overlooking the possibility that their details
are distributed across different parts of the text."
]}

---
### Example 4 (Evaluation & Definition)

[Question]
"Of the following options, which seems to be Tremaine’s biggest asset in his investigation?"

[Answer]
{“assumption_pitfalls": [

939
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"Assuming the ’biggest’ asset is explicitly labeled as such, rather than needing to first list
all assets and then infer their contribution.",
"Assuming ’asset’ refers only to physical tools or skills, and overlooking abstract assets like
’intuition’, ’connections’, or ’reputation’."
]}

---
### Example 5 (Complex Prediction)

[Question]
"Out of the choices below, predict which future career Eddie would most likely pick given his
interests present in the article."

[Answer]
{“assumption_pitfalls": [
"Assuming the prediction relies solely on explicitly stated ’interests’, overlooking implied
’skills’ or ’aptitudes’ mentioned in the text.",
"Assuming the decision is based only on positive factors, failing to account for tasks Eddie
explicitly ’dislikes’ or ’avoids’ which act as negative constraints.",
"Assuming the ’most likely’ career is explicitly stated as a future goal, rather than requiring
a probabilistic prediction based on his comprehensive profile."
]}

---
### Example 6 (Counting / Manual Aggregation)

[Question]
"How many times has Critten been a Nilly?"

[Answer]
{“assumption_pitfalls": [
"Assuming the text provides a pre-calculated total count (e.g., ’three times’), rather than
requiring the reader to find and count individual mentions manually."
]}

---
### Your Task

[Question]
{question}

[Answer]

940

Table 4: Detailed prompt for the Pitfall Predictor of PPA-Plan.

Constraint-Aware Plan Generation

[Actions]
{action_list}
* Note: The output of each action can be the input to other actions.

[Instructions]
Suppose you are given a question about an article, as well as a list of potential actions (shown
above) that you can execute to solve the question. You can imagine the actions as functions in
a program, where you have input arguments, as well as output. The output of an action can be
fed as input to another action.
Please present a sequence of actions that you would use to answer the question after you read
the article. The sequence of actions should be specific and cover all the details about the
question. Please prioritize using the actions presented in the list above. If you need to add
new actions, please follow the format below. Please assign the output of each action with a
distinct name, which can be passed into other actions as argument.
Think twice before you provide your answer. Make sure your answer is valid, clear, and easy
to understand. Keep the answer simple and remove any unnecessary steps. Do not use list
comprehension or dictionary comprehension. Keep each action minimally simple. If a question is
unanswerable (e.g., requires options), collect as much information as possible from the input
such that it will be answerable when provided with options.

941
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Since you will be provided with specific pitfalls that must be avoided, please start by
performing a brief [Strategy Reasoning]. In this section, explicitly think about how to modify
your plan or add specific actions to satisfy these constraints. Once you have established this
strategy, proceed to generate the final sequence of actions in the [Answer] section.

Your answer should follow the format:
```
[Strategy Reasoning]
(Briefly explain how you will address the provided pitfalls here)

[Answer]
New actions:
- new_action_1(arguments) : [one-sentence general explanation] or "-None" if there no need to
add new actions
- new_action_2(arguments) : [one-sentence general explanation] or "-None" if there no need to
add new actions

1. output_1 = action_1(here goes arguments) : [one-sentence explanation]
2. output_2 = action_2(here goes arguments) : [one-sentence explanation]
...
```

The following are a few examples:

---
Question: "Why is Si retirement so significant to the Space Exploration Team?"
Input Pitfalls:
- Assuming the significance is stated in a single sentence explicitly linking retirement to the
team.
- Ignoring the separate chain of events: the reason for retirement and its subsequent consequences.

[Strategy Reasoning]
The pitfalls warn against looking for a simple, direct link. To address this, I need to
split the search: first find the ’cause’ of retirement, then find the ’impact’ of retirement
separately. Then, I must explicitly connect both findings to the ’Space Exploration Team’ to
synthesize the full answer.

[Answer]
New actions:
- None

1. retire_reason = FIND_ELEMENT(CTX, "cause", "Si retirement") : Find and summarize the cause
or reason of Si retirement from the input article
2. retire_outcome = FIND_IMPACTS(CTX, "Si retirement") : Find and summarize the impact or
outcome or consequences of Si retirement from the input article
3. connect_reason = FIND_RELATION(CTX, retire_reason, "Space Exploration Team") : Find and
summarize how the reason of Si retirement is related to the Space Exploration Team
4. connect_outcome = FIND_RELATION(CTX, retire_outcome, "Space Exploration Team") : Find and
summarize how the outcome of Si retirement is related to the Space Exploration Team
5. ans = CONCAT(connect_reason, connect_outcome) : Combine the previous two steps to form the
final answer

---
Question: "What is the “space cafard” that Si describes?"
Input Pitfalls:
- Assuming any general definition of ’space cafard’ is correct.
- Failing to restrict the search to only Si’s specific description provided in the text.

[Strategy Reasoning]
The constraint emphasizes avoiding general definitions. Therefore, I must restrict the
‘FIND_ELEMENT‘ action to look specifically for "Si’s description" of the term, ensuring the
source of the definition is strictly from the character Si in the text.

[Answer]
New actions:
- None
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1. space_cafard = FIND_ELEMENT(CTX, "Si’s description", "space cafard") : Find and summarize
all relevant information about the "space cafard" strictly as described by Si
2. space_cafard_cmprh = COMPREHEND(CTX, space_cafard) : Provide a comprehension about the
"space cafard" based on the findings
3. ans = CONCAT(space_cafard, space_cafard_cmprh) : Combine to form the final answer

---
Question: "How many times has Critten been a Nilly?"
Input Pitfalls:
- Assuming the total count (e.g., ’3 times’) is explicitly stated in the text.
- Assuming the plan can just ’search’ for a number.

[Strategy Reasoning]
The pitfall indicates that a simple search for a number will fail because the total count isn’t
explicit. I must first use ‘FIND_ALL_ISSUES‘ to locate every individual instance where Critten
was a Nilly, and then use ‘COUNT_X‘ to manually count these instances.

[Answer]
New actions:
- FIND_ALL_ISSUES(CTX, X) : Find and summarize all the events where X occurs in the input article
- COUNT_X(CTX, X) : Count the number of times that X occurs in the input article

1. all_nilly = FIND_ALL_ISSUES(CTX, "Critten been a Nilly") : Find and summarize all individual
events/mentions where Critten has been a Nilly
2. num_nilly = COUNT_X(CTX, all_nilly) : Count the number of times that Critten has been a
Nilly given the collected events above

---
Question: "Out of the choices below, predict which future career Eddie would most likely pick
given his interests present in the article."
Input Pitfalls:
- Assuming only explicitly stated ’interests’ matter for the prediction.
- Assuming the prediction should be based only on positive factors, ignoring things he dislikes.

[Strategy Reasoning]
The constraints highlight that relying solely on "interests" is insufficient. I must modify
the plan to actively search for "skills/aptitudes" (implied interests) and "dislikes/avoids"
(negative constraints). These additional factors must be concatenated into the profile before
making a prediction.

[Answer]
New actions:
- PREDICT_CAREER(CTX, X, Y) : Predict the future career given a person X’s future career
according to their interests or goals Y

1. eddie = IDENTIFY_ELEMENT(CTX, "Eddie") : Identify who Eddie is in the input article
2. eddie_interests = FIND_ELEMENT(CTX, "interests", eddie) : Find and summarize all the
interests of Eddie
3. eddie_skills = FIND_ELEMENT(CTX, "skills and aptitudes", eddie) : Find demonstrated skills
or aptitudes, as required to avoid the pitfall of missing implied traits
4. eddie_dislikes = FIND_ELEMENT(CTX, "dislikes and avoids", eddie) : Find tasks Eddie dislikes,
as required to filter out unlikely careers
5. eddie_goals = FIND_INTENT(CTX, eddie) : Find and summarize the intent/purpose/goal of Eddie
6. eddie_profile = CONCAT(eddie_interests, eddie_skills, eddie_dislikes, eddie_goals) : Combine
interests, skills, dislikes, and goals to build a complete profile
7. ans = PREDICT_CAREER(CTX, "Eddie", eddie_profile) : Predict the future career based on the
comprehensive profile

---
Question: "Which word doesn’t describe the security guard?"
Input Pitfalls:
- Assuming the plan should search for words that *do not* describe the guard directly.
- Failing to understand this is a ’NOT’ (exclusion) question requiring a list of valid
descriptions first.
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[Strategy Reasoning]
The pitfall warns against searching for the negative directly. The correct strategy is to first
find all words that *DO* describe the security guard in the text. Then, the final answer (likely
comparing with options later) will be derived from knowing what *is* true.

[Answer]
New actions:
- None

1. security_guard = FIND_CHARACTER(CTX, "security guard") : Find and summarize the character
traits of the security guard
2. guard_descriptions = FIND(CTX, "descriptive words", "security guard") : Find the words that
ARE used to describe the security guard in the text
3. ans = CONCAT(security_guard, guard_descriptions) : Combine the traits and descriptions to
form a basis for exclusion

---
Question: "Of the following options, which seems to be Tremaine’s biggest asset in his
investigation?"
Input Pitfalls:
- Assuming ’asset’ refers only to physical tools.
- Assuming the ’biggest’ asset is explicitly labeled as such.

[Strategy Reasoning]
To avoid the pitfall of focusing only on physical tools, I must explicitly instruct the
‘FIND_ELEMENT‘ action to look for "assets including abstract ones (intuition, connections)".
Also, since the "biggest" isn’t labeled, I need to ‘SORT‘ the found assets based on their impact
to determine the ranking.

[Answer]
New actions:
- SORT(CTX, X): Sort the elements in X in ascending order with concise reasons, based on the
input article

1. tremaine = IDENTIFY_ELEMENT(CTX, "Tremaine") : Identify who Tremaine is in the input article
2. tremaine_assets = FIND_ELEMENT(CTX, "assets (physical and abstract)", tremaine) : Find all
assets, explicitly including abstract ones like intuition or connections
3. ranked_assets = SORT(CTX, tremaine_assets) : Sort the assets in ascending order of
importance/impact based on the text

[Question]
Now you are given a question about an article:
{question}
You MUST avoid these core pitfalls identified for this question:
{assumption_pitfall}

Please provide a plan (sequence of actions) that can arrive to the answer after reading the
article. Before generating the final plan, please briefly analyze how to address these pitfalls
in a [Strategy Reasoning] section. Then, provide the final sequence in the [Answer] section. As
the corresponding options are not provided for the question, when the question is not answerable
without the options, simply collect as much information as possible from the input such that it
will be answerable with the options. Make sure the plan you generate is valid and faithful to
the question.

[Strategy Reasoning]

944

Table 5: Detailed prompt for the Planner of PPA-Plan.

Context-Aware Correction

[Actions]
{action_list}
* Note: The output of each action can be the input to other actions.
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[Instructions]
Suppose you are given a question about an article, as well as a list of potential actions (shown
above) that you can execute to solve the question. You can imagine the actions as functions in
a program, where you have input arguments, as well as output. The output of an action can be
fed as input to another action.
Please present a sequence of actions that you would use to answer the question after you read
the article. The sequence of actions should be specific and cover all the details about the
question. Please prioritize using the actions presented in the list above. If you need to
add new actions, please follow the format below. Please assign the output of each action with
a distinct name, which can be passed into other actions as argument. Think twice before you
provide your answer. Make sure your answer is valid, clear, and easy to understand. Keep the
answer simple and remove any unnecessary steps. Do not use list comprehension or dictionary
comprehension. Keep each action minimally simple. If a question is unanswerable (e.g., requires
options), collect as much information as possible from the input such that it will be answerable
when provided with options.
Since you will be provided with an invalid plan and parser error messages, please start by
performing a brief [Strategy Reasoning]. In this section, identify the cause of the error and
plan how to fix the syntax while preserving the original logic. Once you have established this
repair plan, proceed to generate the corrected sequence of actions in the [Answer] section.

Your answer should follow the format:
```
[Strategy Reasoning]
(Briefly explain how you will address the provided pitfalls here)

[Answer]
New actions:
- new_action_1(arguments) : [one-sentence general explanation] or "-None" if there no need to
add new actions
- new_action_2(arguments) : [one-sentence general explanation] or "-None" if there no need to
add new actions

1. output_1 = action_1(here goes arguments) : [one-sentence explanation]
2. output_2 = action_2(here goes arguments) : [one-sentence explanation]
...
```

The following are examples of how to correct an invalid plan based on error messages:

---
### Example 1 (Error: Unknown Action)
Question: "What is the primary diet of the spectacled bear?"

Invalid Plan:
1. bear_info = FIND_ELEMENT(CTX, "diet", "spectacled bear") : Find diet info
2. ans = COMPREHEND(CTX, bear_info) : Understand the info

Error Message:
"Error parsing action COMPREHEND. Unknown action. Please define it in the ’New actions’ section
if needed, or choose from the existing action list."

Input Pitfalls:
- Assuming the diet consists of only one type of food.

[Strategy Reasoning]
The parser reports that ‘COMPREHEND‘ is an unknown action. Checking the valid action list, the
correct action for summarizing information is ‘SUMMARIZE‘. I will replace ‘COMPREHEND‘ with
‘SUMMARIZE‘ while keeping the arguments the same to preserve the flow.

[Answer]
New actions:
- None

1. bear_info = FIND_ELEMENT(CTX, "diet", "spectacled bear") : Find diet info
2. ans = SUMMARIZE(CTX, bear_info) : Summarize the findings to form the answer

---
946
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### Example 2 (Error: Undefined Variable)
Question: "How did the protagonist escape the room?"

Invalid Plan:
1. room_desc = FIND_ELEMENT(CTX, "escape method", "protagonist") : Find escape details
2. ans = GENERATE_ANSWER(CTX, room_info) : Generate the final answer

Error Messages:
"Error parsing action GENERATE_ANSWER. Argument room_info is not defined."

Input Pitfalls:
- Assuming the escape happened in a single step.

[Strategy Reasoning]
The error states that ‘room_info‘ is undefined. Looking at the previous step (step 1), the
output variable was named ‘room_desc‘, not ‘room_info‘. I must correct the argument in step 2
to match the variable name defined in step 1 (‘room_desc‘).

[Answer]
New actions:
- None

1. room_desc = FIND_ELEMENT(CTX, "escape method", "protagonist") : Find escape details
2. ans = GENERATE_ANSWER(CTX, room_desc) : Generate the final answer

---
### Example 3 (Error: Incorrect Argument Count)
Question: "List all the awards won by the author."

Invalid Plan:
1. awards = FIND_ALL_ISSUES("awards", "author") : Find all awards
2. ans = LIST_ITEMS(CTX, awards) : List them

Error Message:
"Error parsing action FIND_ALL_ISSUES. Number of arguments is incorrect"

Input Pitfalls:
- Assuming the awards are listed in a distinct ’awards’ section.

[Strategy Reasoning]
The action ‘FIND_ALL_ISSUES‘ caused an argument count error. Standard actions usually require
‘CTX‘ as the first argument. I will add ‘CTX‘ to the arguments of ‘FIND_ALL_ISSUES‘ to satisfy
the function definition.

[Answer]
New actions:
- None

1. awards = FIND_ALL_ISSUES(CTX, "awards", "author") : Find all awards
2. ans = LIST_ITEMS(CTX, awards) : List them

---
### Example 4 (Error: Missing Action Definition)
Question: "Based on the historical data provided, predict the stock price for next month."

Invalid Plan:
1. history = FIND_DATA(CTX, "stock price history", "last 5 years") : Retrieve data
2. prediction = PREDICT_TREND(CTX, history) : Predict future price
3. ans = GENERATE_ANSWER(CTX, prediction) : Formulate answer

Error Message:
"Error parsing action PREDICT_TREND. Unknown action. Please define it in the ’New actions’
section if needed, or choose from the existing action list."

Input Pitfalls:
"Assuming a linear trend without considering volatility mentioned in the text."
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[Strategy Reasoning]
The parser indicates PREDICT_TREND is unknown. This action is essential for the prediction
task and has no equivalent in the standard action list. Therefore, instead of replacing it, I
will retain PREDICT_TREND and explicitly define it in the ’New actions’ section to fix the error.

[Answer]
New actions:
- PREDICT_TREND(CTX, data) : Analyze the provided data to forecast future trends or values.

1. history = FIND_DATA(CTX, "stock price history", "last 5 years") : Retrieve data
2. prediction = PREDICT_TREND(CTX, history) : Predict future price based on the retrieved
history
3. ans = GENERATE_ANSWER(CTX, prediction) : Formulate the final answer

[Question]
Given the following question,
Question: {question}
you just came up with the following sequence of actions as well as potential new actions:
{invalid_plan}

However, the above answer is invalid according to a parser, which returned an error message:
{error_message}

You MUST avoid these core pitfalls identified for this question:
{assumption_pitfall}

Can you edit the plan (sequence of actions) to make it valid? Please focus strictly on correcting
the syntax errors reported by the parser, such as missing arguments, missing descriptions, or
incorrect formatting. Do not attempt to generate a new strategy or change the sequence of
actions unless it is absolutely required to fix the syntax error (e.g., adding a missing step
to define an undefined variable). Your goal is to simply repair the invalid plan so that it
becomes parseable while maintaining its original logic.

Before generating the final corrected plan, please use the [Strategy Reasoning] section to
briefly identify the specific syntax error from the error message and explain how you will
correct the format (e.g., adding missing arguments or fixing the action definition) to satisfy
the parser. Then, provide the final corrected sequence in the [Answer] section.

[Strategy Reasoning]
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Table 6: Detailed prompt for the Corrector of PPA-Plan.
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Generative Question Answering (GQA)

Article

{article}

End of Article

Question: {question}

Answer:
(Please provide a detailed explanation for answering the question above.)
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Table 7: Detailed prompt for Generative Question Answering (GQA).

Chain-of-Thought (CoT)

Article:
{article}

Question: {question}

Please think step by step to find the answer based on the article.
Provide your reasoning process first, and then give the final answer.

Reasoning:
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Table 8: Detailed prompt for Chain-of-Thought (CoT).

Plan-and-Solve

Article:
{article}

Question: {question}

Let’s first understand the problem and devise a plan to solve it. Then, let’s carry out the
plan and solve the problem step by step. Please respond in the following format:
Plan: [Your plan here]
Solution: [Your step-by-step execution here]

Answer:
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Table 9: Detailed prompt for Plan-and-Solve.

LLM-as-a-Judge

Relevant information for answering the question:

{open_answer}

Question:{question}
{options}

Carefully compare all four options (A, B, C, and D) based on the relevant information. Select
the best possible answer by ensuring it is the most accurate choice given the information
provided. Write only the letter of your final answer without explanation. Answer (select from
A, B, C, D):
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Table 10: Detailed prompt for LLM-as-a-Judge in multiple-choice questions.
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