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Abstract

Large language models struggle with reason-
ing over long contexts where relevant infor-
mation is sparsely distributed. Although plan-
and-execute frameworks mitigate this by de-
composing tasks into planning and execution,
their effectiveness is often limited by unreliable
plan generation due to dependence on surface-
level cues. Consequently, plans may be based
on incorrect assumptions, and once a plan is
formed, identifying errors and revising it reli-
ably becomes difficult, limiting the effective-
ness of reactive refinement. To address this
limitation, we propose PPA-Plan, a proactive
planning strategy for long-context reasoning
that focuses on preventing such failures before
plan generation. PPA-P1lan identifies potential
logical pitfalls and false assumptions, formu-
lates them as negative constraints, and condi-
tions plan generation on explicitly avoiding
these constraints. Experiments on long-context
QA benchmarks show that executing plans gen-
erated by PPA-Plan consistently outperforms
existing plan-and-execute methods and direct
prompting.

1 Introduction

Large language models (LLMs) have become in-
creasingly strong (Brown et al., 2020; Srivastava
et al., 2023), with substantial improvements in
both reasoning performance and supported con-
text length, enabling their use across a wide range
of applications. Nevertheless, when moving be-
yond surface-level information retrieval or local
understanding to complex, multi-step reasoning
over long inputs, significant challenges remain.
In such settings, task-relevant evidence is often
sparsely distributed across distant spans, mixed
with irrelevant details, or presented in positions
that bias model attention (Liu et al., 2024). This
leads to failure modes such as missed evidence,
unsupported assumptions, hallucination, and incor-
rect answers. Even with standard chain-of-thought

prompting (Wei et al., 2022), models frequently
struggle to construct coherent reasoning trajecto-
ries and fail to arrive at correct answers for com-
plex queries, particularly in long-context scenar-
i0s. These observations suggest that effective long-
context reasoning requires not only more extensive
reasoning traces, but also more deliberate control
over how reasoning processes are structured and
guided.

To address these challenges, recent work has
proposed plan-and-execute frameworks that de-
compose complex long-context tasks into an ex-
plicit planning stage followed by step-by-step ex-
ecution (Yao et al., 2023; Wang et al., 2023; Sun
et al., 2024; Erdogan et al., 2025; Hu et al., 2025).
While these approaches often leverage LLMs to
generate intermediate plans and have demonstrated
improvements over direct generation, the planning
stage itself remains a critical bottleneck. This is be-
cause existing LLM-based planners typically rely
on surface-level textual patterns present in long-
context inputs when generating plans (as illustrated
in Figure 1), rather than faithfully capturing the
underlying logical structure of the instruction or
task (Valmeekam et al., 2023; Tang et al., 2023).
As aresult, generated plans often embed implicit
or unsupported assumptions, overlook necessary
constraints, or commit prematurely to specific rea-
soning paths, causing errors to cascade throughout
subsequent execution.

To mitigate such issues, prior work has largely
adopted reactive refinement strategies that revise
plans (Sun et al., 2024). However, this approach
is fundamentally limited, as LL.Ms tend to anchor
on their own generated outputs and exhibit strong
resistance to revising incorrect assumptions once
they are formed (Huang et al., 2023; Xi et al., 2025).
Consequently, identifying and correcting errors af-
ter plan generation is often more difficult than pre-
venting them in advance at the planning stage.

To equip LLMs with the ability to generate reli-



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

Planner

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

Plan
© FIND_ELEMENT Result 1
Executor @ COUNT_X Result 2

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.

Example (b)
Query: Why was the murderer trying to kill Bo?

Planner
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)

Plan

® FIND_INTENT [Result 1

@ FIND_RELATION——=Result 2
Executor ® FIND_ELEMENT b>Result 3

® CONCAT ————{>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.

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

! 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.

Corrector
Planner

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

Plan
Executor ® FIND_ALL_ISSUES Result 1
@ COUNT_X Result 2
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.

Query: Why was the murderer trying to kill Bo?

Pitfall

Predictor

! 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.

Corrector
Planner

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)

Plan

O FIND_RELATION ——-Result 1

@ FIND_ELEMENT Result 2
Executor ® FIND_EVENT L Result 3

@ CONCAT ———*Result 4

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.

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-40-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-
ios, we introduce a planning strategy, PPA-Plan,
short for Proactive Pitfall Avoidance Planning.
PPA-Plan consists of three modules: (1) a Piz-
fall Predictor, (2) a Planner, and (3) a Correc-
tor. First, the Pitfall Predictor analyzes a query
to explore potential logical pitfalls and false as-
sumptions, which are formulated as Negative Con-
straints that should be avoided during the plan gen-
eration (see Figure 1). Conditioned on these con-
straints, the Planner performs Strategy Reasoning
to determine the logical structure of a plan while
satisfying all the specified negative constraints. Af-
ter this, if the plan violates syntactic requirements
for executability, the Corrector is iteratively in-
voked to repair such errors via Strategy Reasoning,
while preserving the original intent by referencing
both the query and the negative constraint set to
preserve the initial plan logic. Once a valid plan is
obtained, we sequentially execute its steps to pro-
duce an open-ended free-form output using LLMs.
From a broader perspective, PPA-Plan can also be
viewed as a modular, multi-agent system, where
different components specialize in distinct reason-
ing roles and interact through explicit intermediate

outputs (Woolridge, 2001; Yao et al., 2023; Wu
et al.; Kim et al., 2024).

We evaluate the effectiveness of PPA-Plan on a
subset of long-context question-answering bench-
marks, including QuALITY (Pang et al., 2022),
ConditionalQA (Sun et al., 2022), and LongRea-
son (Ling et al., 2025), and Qasper (Dasigi et al.,
2021), a reading comprehension dataset that con-
tains questions about long-form articles. For
multiple-choice question-answering datasets, we
map the model’s generated free-form answer to one
of the candidate options using an LLM and report
accuracy, following Sun et al. (2024). Executing
plans generated by PPA-Plan consistently yields
more accurate answers with improved coverage
than existing plan-and-execute strategies or direct
prompting baselines, particularly for questions that
require reasoning over the full long document.

2 Related Work

Long-Context Reasoning. Recent advance-
ments in LLM architectures and training systems,
such as Rotary Position Embedding (RoPE) (Su
et al., 2024), Position Interpolation (PI) (Chen
et al., 2023), RingAttention (Liu et al., 2023),



YaRN (Peng et al., 2024), and ALiBi (Peng et al.,
2024) have significantly enhanced the model’s
capacity to process extended context lengths;
however, the ability to perform complex reasoning
over long contexts remains limited, as expanding
the context window does not inherently grant the
model the capability to synthesize logic across
vast information (Liu et al., 2024). This limitation,
further evidenced by comprehensive long-context
benchmarks like LongBench (Bai et al., 2024a),
LooGLE (Li et al., 2024), and RULER (Hsieh
et al., 2024), as well as reasoning-intensive tasks
in QUALITY (Pang et al., 2022) and LongRea-
son (Ling et al., 2025), motivates our work to
focus on enhancing reasoning strategies rather than
merely extending input length.

LLM-based Planning. Foundational planning
frameworks, such as Plan-and-Solve (Wang et al.,
2023) and ReAct (Yao et al., 2023), established the
importance of task decomposition; however, they
are not inherently designed for long-context sce-
narios. Subsequent reactive strategies like Reflex-
ion (Shinn et al., 2023), Self-Refine (Madaan et al.,
2023), and ADaPT (Prasad et al., 2024) utilize lin-
guistic feedback to refine logic post-hoc, yet they
tend to anchor on initial faulty outputs (Huang et al.,
2023; Xi et al., 2025). While PEARL (Sun et al.,
2024) successfully integrated these paradigms into
long-context tasks, it remains limited by its reliance
on reactive refinement and a mechanism designed
around surface-level textual patterns. These limi-
tations motivate our focus on proactively prevent-
ing logical errors by leveraging an agent-planning
framework designed for long-context reasoning.

3 Method

We propose a planning strategy, PPA-Plan, that
produces reliable execution plans for tasks that
require complex reasoning over long documents.
The core idea of PPA-Plan is to proactively iden-
tify potential logical pitfalls and false assumptions
before plan generation, and to generate negative
constraints that explicitly guide the planning pro-
cess. By conditioning planning on these constraints,
PPA-Plan systematically avoids error-prone rea-
soning paths that are difficult to correct once a plan
is formed. PPA-P1lan consists of three components:
(1) a pitfall predictor M4, (2) a planner M4y,
and (3) a corrector M. Figure 2 illustrates the
overall framework of PPA-Plan and a concrete ex-
ample.

3.1 Pitfall Predictor for Negative Constraint
Generation

The pitfall predictor M,,..q analyzes a query g to
identify potential logical pitfalls and false assump-
tions, which are formalized as a negative constraint
set Cpeg. These constraints specify reasoning pat-
terns that should be avoided during plan generation.

To perform this analysis, M,,..q adopts the func-
tional roles of an exam designer and a logic analyst,
critically examining q to uncover implicit premises.
Using a structured prompt, as shown in Table 4,
with task-specific guidelines and few-shot demon-
strations covering multi-hop inference, scope con-
straints, and counting, the predictor identifies risks
such as shallow semantic patterns, scope confusion,
and keyword-based guessing.

The predictor derives up to k most critical con-
straints in a structure JSON format to ensure com-
patibility with the downstream modules. Formally,

. 7ck} = Mpred(Q)

Cneg = {017 Cc2, ..

The resulting Cy,¢4 is passed to the planner to facili-
tate constraint-aware plan generation.

3.2 Constraint-Aware Plan Generation

Given the query ¢ and negative constraint set Cpeg,
the planner My, generates an executable plan
while avoiding the identified logical pitfalls. Rather
than directly producing a plan, M,,,, first per-
forms Strategy Reasoning, an intermediate reason-
ing step that determines how the action sequence
for the query ¢ should be structured to satisfy the
constraints, by analyzing Cy,cg.

This reasoning step is guided by few-shot demon-
strations that map the identified pitfalls to concrete
strategic adjustments (Table 5). By incorporating
exemplars that showcase the causal link between
strategy and action selection, the module guides
the agent’s internal reasoning process toward the
intended cognitive path before generating the ini-
tial plan. The rationale behind this approach (Strat-
egy Reasoning) is that simply imposing C,,, often
leads models to ignore prohibitions or leaves them
unsure of alternative actions.

To ensure planning stability and reliable ground-
ing, Mpqn selects actions from a pre-defined ac-
tion space A to translate this derived strategy into

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



@ Pitfall Predictor

[Question, 0]
"The chronology of Korvin's time with the Tr'en is:"

lo

Input: O, C,.,, Action List

[Strategy Reasoning]

To counter the lack of explicit dates, | first extract scattered
events via FIND_DETAILS. Then, instead of relying on temporal markers, | SORT them
using context clues to reconstruct a coherent chronology with SUMMARIZE _X.

Strategy Reasoning

g Constraint-Aware
HE
Planner

[Negative Constraints, C,..]
- Assuming explicit dates/years instead of inferring

[Plan]

1. korvin_tr'en_details = FIND_DETAILS(CTX)

nce from context clues. L 2. sorted_korvin_tr'en_details = SORT(CTX, korvin_tr’'en_details) )
sequence from context clues 1 3. ans = SUMMARIZE_X(CTX, korv1n_tr’en_de{alls, sorted_korvin_tr’en_details)

Executor

Input: Document (=CTX), Plan
execution

1. FIND_DETAILS(CTX)

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

3. SUMMARIZE_X(CTX,
sorted_korvin_tr’en_details)

Input: Q , C,.,, Action List, Invalid Plan, Error List
[Strategy Reasoning]

According to the definitions, SUMMARIZE_X takes two arguments: (CTX, X).
To fix this while preserving the logic of the chronological sequence,

| will pass only the sorted sequence into the action.

Context-Aware

Corrector

Strategy Reasoning

Plan(CTX, X, Y) @

1. Should I simply remove X? p

2. Should I optimize the plan after|:
deleting X? H

3. Alternatively, is there an i
alternative action that supports/;
(CTX, X, Y)? '

[Plan]

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

Answer | ————

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, M,,.4 generates negative
constraints to suppress the assumption of concrete dates. (2) Guided by these constraints, My, 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 M4, generates a plan based on this strategy. (3) If the plan has an
invalid format, such as incorrect arguments of SUMMARIZE_X, M, 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-
eration of non-executable text, aligning the agent’s
logic with the environment’s specific capabilities.
The initial plan is generated as:

P(O) = Mplan(Qa -A> Cneg)

Once PO is generated, a syntactic validity
check is applied. If the plan is executable, it is
forwarded to the execution module. Otherwise, it
is passed to the corrector for refinement.

3.3 Context-Aware Correction

Simultaneously managing high-level logic and
strict formatting often leads LLLMs to prioritize se-
mantic integrity over syntactic precision (Saparov
and He, 2023; Zhao et al., 2025). To resolve
these issues, we propose Context-Aware Correc-
tion, which decouples syntactic alignment from
logical planning. The corrector M., receives
q and Cy,¢4 alongside immediate feedback F (t_l),
defined as the invalid plan and associated error mes-
sages from the previous step (t — 1). By focusing
on F=1) over a cumulative history, we mitigate

the risk of informational noise from stale iterations
and prioritize diagnosing and repairing the current
failure.

Morr performs Strategy Reasoning by map-
ping the error feedback F t=Dtoa repair operation
to rectify the flawed plan P(*~1) generated for q.
M orr accordingly determines the optimal resolu-
tion that satisfies syntactic requirements without
compromising the original intent. Based on this
derived strategy, M, then reconstructs the in-
valid plan P(*—1) into a refined version to achieve
syntactic alignment.

To implement this, we employ few-shot in-
context learning with demonstrations that cover
representative failure cases, such as unknown ac-
tions, undefined variables, and incorrect argument
counts (see Table 6). By showcasing the causal
link between specific error types and their optimal
resolutions, these few-shot demonstrations facili-
tate the strategy reasoning required to transform
raw error messages into precise, executable plan
corrections.



We formalize the iterative correction process as:
PO = Meorr (4, A, Creg, FV), 1<t < B

This process repeats until a plan satisfies the syntax
requirements for execution or reaches the budget
on the number of corrections, B.

3.4 Plan Execution

Once the final executable plan is obtained, it is
passed to the plan execution module M. The
executor operates by sequentially parsing each step
of the plan. For each step, it constructs a specific
execution prompt by integrating the defined action,
arguments, and the long document D. The resulting
output from this execution is stored in a designated
variable. Crucially, for steps requiring inputs from
preceding actions, the executor resolves data de-
pendencies by substituting variable placeholders
with their corresponding stored results. This iter-
ative process converts the logical plan into a set
of concrete evidence £, which constitutes the final
system response.

4 Experiments

4.1 Experimental Setup

Model Selection. We evaluate performance dif-
ferent LLMs: GPT-40-mini (OpenAl et al., 2024),
Llama-3.1-8B-Instruct (Grattafiori et al., 2024),
and Qwen-2.5-14B-Instruct (Qwen et al., 2025).
For Llama and Qwen models, we apply 8-bit quan-
tization (Dettmers et al., 2022) to maximize infer-
ence efficiency while minimizing performance loss.
This approach ensures optimal performance within
limited VRAM resources. Specific hyperparameter
settings and hardware specifications are described
in the Appendix A.1.

Datasets and Task Formulation. To verify com-
plex reasoning in long contexts, we use QuAL-
ITY (Pang et al., 2022), Conditional QA (Sun et al.,
2022), and LongReason (Ling et al., 2025) for
multiple-choice tasks and Qasper (Dasigi et al.,
2021) for free-form answer tasks. We simulate
real-world scenarios by restricting models from
accessing gold-standard information; instead, we
convert all instances into generative tasks that re-
quire long-form answers. For Table 1, we eval-
uate methods on the intersection of samples for
which all methods successfully generated outputs
to ensure a fair qualitative comparison, while Ta-
ble 2 includes the full test set to better evaluate

overall robustness. For input length L exceeding
the context length M, we truncate the input se-
quence S to preserve the document’s extremities,
as critical information is typically concentrated at
the beginning and end (Liu et al., 2024): S1.;, —
[Slz\_M/2J ; SL—LM/2J—1:L] (Bai et al., 2024b). De-
tailed dataset statistics are provided in the Ap-
pendix A.1.

Evaluation Metrics. We primarily calculate
token-level recall (Lin, 2004) and Natural Lan-
guage Inference (NLI) scores (Honovich et al.,
2022; Chen and Eger, 2023) to evaluate the quality
of generated answers from multiple perspectives.
Recall measures how well the model includes core
information from the gold standard without omis-
sions.

NLI-based evaluation (Chen and Eger, 2023)
assesses semantic equivalence through logical en-
tailment, effectively capturing nuances in noisy rea-
soning sequences where surface-level string match-
ing often fails (Balamurali and Cheng, 2025). Our
NLI-based evaluation uses the entailment probabil-
ity from DeBERTa-V3-Large (He et al., 2023). To
identify the presence of correct information within
long answers, we follow the granularity alignment
strategy (Laban et al., 2022) by applying a slid-
ing window and selecting the maximum entailment
probability as the final score. For ease of interpre-
tation and consistency with accuracy, NLI scores
and Recall are scaled to a 0—100 range.

For ConditionalQA, where we focus on the bi-
nary (Yes/No) classification, we exclude recall eval-
uation because the highly restricted answer format
makes token-level metrics inappropriate. For NLI-
based evaluation, we format each question and its
ground truth into a declarative statement (e.g., "'The
answer to [X] is [Y]) to verify whether generated
responses logically entail the correct answer.

For multiple-choice datasets, we also measure
accuracy by using GPT-40 as a judge (Zheng et al.,
2023) to map the generated responses to the avail-
able options, as it shows a high correlation with hu-
man judgment and identifies semantic equivalence
more accurately than simple string matching. Ta-
ble 10 and Appendix A.1 provide implementation
details for these metrics. For Qasper, accuracy eval-
uation is excluded as the dataset primarily consists
of free-form responses rather than multiple-choice
questions.

Methods. We select Generative Question An-
swering (GQA), zero-shot Chain-of-Thought



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 61.8 669 50.6 65.8 37.5 714 60.6 34.8

%.E CoT 71.1 50.9 26.2 85.1 465 674 68.1 49.0 64.9 46.2 74.5 61.3 42.0
E'é PS 67.4 46.6 31.2 81.1 422 652 655 41.6 624 405 71.2 58.2 38.9
&) PEARL 70.3 509 38.1 85.3 53.2 56.8 64.5 72.1 66.5 51.1 70.8 60.6 53.6
PPA-Plan 73.4 54.0 41.0 81.3 50.3 67.6 66.6 699 67.1 61.8 74.1 62.6 55.8
GQA 68.5 47.7 232 777 214 59.2 577 37.1 60.5 31.5 68.5 553 28.3

gg@ 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
S - PS 66.7 44.7 169 80.8 25.7 483 42.0 33.1 58.6 36.2 653 484 28.0
~ ¢ PEARL 685 514 485 80.1 759 55.8 569 762 66.0 74.8 68.1 58.1 68.9
PPA-Plan 70.8 53.9 50.5 79.1 759 67.9 62.3 77.9 67.3 75.6 72.6 61.2 70.0
GQA 70.8 446 21.0 789 17.8 64.1 63.2 402 62.5 349 713 56.8 28.5

5@ CoT 68.3 453 22.1 83.1 36.7 67.0 649 432 634 366 72.8 579 34.7
BE PS 69.5 42.6 26.5 81.5 339 61.1 60.5 30.9 62.8 39.0 70.7 553 32.6
Ooi PEARL 72.7 484 37.7 814 56.1 60.1 61.2 66.6 63.6 46.1 714 57.7 51.6
PPA-Plan 75.1 49.8 39.6 83.9 548 72.3 66.3 68.9 67.1 564 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 (Wang
etal., 2023), and PEARL (Sun et al., 2024) as base-
lines. For CoT and Plan-and-Solve, we evaluate the
full reasoning process, relying on NLI-based met-
rics to mitigate potential recall bias. To ensure
a consistent comparison, our method PPA-Plan
adopts the same action space as PEARL. For both
PEARL and PPA-Plan, we set the plan correction
budget B = 7 to balance performance and infer-
ence efficiency. We also set the maximum number
of negative constraints to k& = 3. Specific prompts
are provided in Table 7, Table 8, and Table 9. For
both PEARL and the Executor of PPA-Plan, we
adopt the original prompt configurations as speci-
fied in Sun et al. (2024).

4.2 Results

Table 1 shows that PPA-Plan consistently achieves
competitive performance across models. It yields
notable gain over PEARL on Llama-3.1-8B-
Instruct (+4.5% acc, +3.1% recall) and achieves the
best accuracy on Qwen-2.5-14B-Instruct (77.1%).
The improvements in the NLI metric, which evalu-
ates the validity of reasoning, are even more signif-
icant than those in standard accuracy. Compared
to CoT, PPA-Plan increases overall NLI scores by
13.8 points for GPT-40-mini and 20.2 points for
Qwen-2.5-14B-Instruct. The results on Llama are

particularly remarkable; our method raises the NLI
score from 30.6 to 70.0, representing a more than
two-fold increase. This substantial performance
gap demonstrates that PPA-Plan identifies logical
causalities via constraints rather than merely match-
ing keywords or generating superficially plausible
yet logically flawed sentences.

The corrective impact of this framework is most
pronounced in open-source models with relatively
limited reasoning capabilities, such as Llama and
Qwen. Notably, Qwen achieved the highest ac-
curacy of 77.1% across all experimental groups,
showing that our approach effectively unlocks the
model’s latent reasoning potential. These results
suggest that the proposed method is a robust solu-
tion for maximizing the latent reasoning capacity
within small to medium-sized models.

On the Conditional QA dataset, PPA-Plan occa-
sionally falls short of the highest scores in specific
metrics. This gap likely stems from the multi-
faceted analysis of our planning process, which
increases information richness to avoid bias. The
NLI model often perceives this multi-faceted con-
tent as noise or information dilution, resulting in
underestimated quantitative scores. Appendix A.2
provides a detailed analysis and quantitative proof
of this phenomenon.



LongReason

Model Mycqa Mpian  Meorr  Acc Rec  NLI
e .Y ___ Y __ 4 609 6L9 656
Iz v v X 475 488 514
58 v Van X 531 548 60.9

X Van X 377 427 489

o Y/ 558 570 604
§ v v X 506 472 505
v v Van X 485 437 530
o X Van X 409 422 475

Table 2: Ablation study on the LongReason dataset
using GPT-40-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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Figure 3: Impact of PPA-Plan components on plan exe-
cutability and reasoning accuracy.

4.3 Ablation Study

This section analyzes how each component (the Pit-
fall Predictor M,,,.4, the Constraint-Aware Planner
Mpian, and the Context-Aware Corrector M cor,)
contributes to the overall performance of PPA-Plan.
Table 2 shows that for both GPT-40-mini and
Qwen-2.5-14B-Instruct, the full PPA-Plan configu-
ration yields the best results across all metrics. We
adopt the original prompt configurations for the
Vanilla Planner, as specified in Sun et al. (2024).
Removing M,,..q under the vanilla planner
setup also results in a performance decline. For
GPT-40-mini, accuracy drops by 15.4% (from
53.1% to 37.7%) and the NLI score by 12 (from
60.9 to 48.9). A similar trend is observed in Qwen-
2.5-14B-Instruct, where accuracy and NLI score
decrease by 7.6% (from 48.5% to 40.9%) and by
5.5 (from 53.0 to 47.5). These results suggest that
a planner struggles to identify logical pitfalls on
its own. Thus, preemptive pitfall identification pro-
vides a critical guide for the planning process.
Removing M., also leads to a substantial per-
formance drop, demonstrating its role as a safety
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Figure 4: Distribution of negative constraint types gener-
ated by the Pitfall Predictor on LongReason and Qasper.

net for plan executability. For GPT-40-mini, ac-
curacy decreases by 13.4% and the NLI score by
14.2; similarly, Qwen-2.5-14B-Instruct exhibits de-
clines of 9.2% and 9.9. Interestingly, GPT-4o-
mini performs worse when removing only Mo
(47.5%) than when removing the proposed M4,
and Mo (53.1%). As shown in Figure 3, this oc-
curs because sophisticated plans from M, often
lead to format violations (Saparov and He, 2023;
Zhao et al., 2025). Without M., the success rate
of valid formats falls to 74.3%, lower than the base-
line’s 79.7%, whereas the full framework reaches
93.3%. This underscores that M, is essential for
maintaining the validity of complex plans, creating
an organic synergy between the proposed modules.

Conversely, Qwen shows an increased success
rate when removing only M .- (72.9%) compared
to the baseline, where the proposed M., and
Mo are absent (67.4%). This trend indicates
that the plan generated by Qwen’s M4, has rela-
tively low complexity, which a baseline corrector
can handle to some extent. These findings confirm
that M, becomes increasingly vital for high-
performance models; because these models gen-
erate more sophisticated plans, they require a spe-
cialized correction module to ensure executability
without violating the required format.

4.4 Analysis

Distribution of Negative Constraints. We an-
alyzed the characteristics of negative constraints
by classifying 200 sampled instances from Lon-
gReason and Qasper using GPT-40 across five cate-
gories. As shown in Figure 4, information synthesis
is the most frequent type, followed by implicit con-
straints and boundary & scope. This distribution
confirms that our framework identifies pitfalls re-
quiring global information integration and logical
depth beyond surface-level text. Full definitions
and statistics are provided in Appendix A.3.
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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-P1lan, which incorporates both.

Impact on Planning Behavior. This section ex-
amines how negative constraints transform the plan-
ner’s reasoning. We compare PPA-Plan with a
baseline that uses the Vanilla Planner without nega-
tive constraints and strategy reasoning using Qwen-
2.5-14B-Instruct on LongReason and Qasper, fo-
cusing on the top 10 actions. Given the consistent
patterns across both datasets, we use LongReason
as a representative case.

Results show that applying negative constraints
induces substantial changes in the model’s reason-
ing process. Most notably, this approach improves
plan complexity and sophistication. The average
plan step count increases by 1.26 from 4.47 to 5.73
in LongReason and by 1.45 from 2.98 to 4.43 in
Qasper compared to the baseline. This increase in-
dicates that the model establishes more detailed and
sophisticated plans to preemptively block potential
errors by using negative constraints and strategy
reasoning.

Second, action patterns shift from simple extrac-
tion toward logical reasoning. Figure 5 shows that
high-level reasoning actions, such as INFER and
SUMMARIZE_X, increase significantly. This trend
suggests that constraints force the model to logi-
cally connect and summarize gathered information
instead of simply listing it.

Third, the model’s self-verification mechanism
becomes active. EVALUATE and EXPLAIN_PROCESS
appear frequently in plans using constraints, even
though they were absent from the top baseline ac-
tions. This shift shows that the model does more
than verify whether its plan satisfies the given con-
straints; it also facilitates a more objective assess-
ment of the context, thereby mitigating potential
reasoning biases.

Fourth, information-collection behaviors have
advanced significantly. The frequency of entity
search actions relying on surface-level informa-
tion, such as FIND_CHARACTER, FIND_DIALOGUE,
COMPARE, and IDENTIFY_ELEMENT, decreases. In
contrast, deep evidence collection actions such as
FIND_ELEMENT and FIND_DETAILS increase, help-
ing the model collect specific evidence, identify
logical contradictions, and explore logical interde-
pendencies among various elements. This contrast
indicates that the model avoids surface-level key-
word searches and instead collects multifaceted
logical evidence to improve the precision of its
reasoning.

5 Conclusion

To address the tendency of LLM-based planners
to anchor on initial flawed outputs during reac-
tive refinement, we propose PPA-Plan, a planning
strategy that proactively prevents logical pitfalls in
planning by introducing negative constraints prior
to plan generation. Experimental results demon-
strate that PPA-Plan consistently achieves higher
accuracy and stronger long-context reasoning capa-
bilities than existing baselines. Our analysis further
reveals that, by incorporating negative constraints
with multiple perspectives, PPA-Plan encourages
more deliberate planning behaviors, shifting from
surface-level keyword search toward analytical ac-
tions such as evaluation and reasoning. In conclu-
sion, this study establishes a systematic framework
that allows LLMs to recognize pitfalls and think
strategically before execution. PPA-Plan presents
a new paradigm for ensuring reliability and accu-
racy in agent environments requiring complex plan-
ning.



Limitations

While PPA-Plan achieves impressive results, we
identify three primary limitations. First, because
the Context-Aware Corrector assumes the model
can generate a baseline level of coherent output,
small-scale models struggle to generate a valid plan
format, despite the correction process. Second, the
framework operates on the premise that negative
constraints accurately capture actual pitfalls. Iden-
tifying a false pitfall introduces noise that disrupts
the planning process, which prevents the model
from establishing an accurate plan. Third, our sys-
tem inherits the efficiency issues found in PEARL,;
repeatedly processing long contexts alongside mul-
tiple plan steps results in slow inference speeds.

To strengthen system robustness, we plan to ex-
plore fine-tuning techniques for smaller models
and add a module to verify the logical validity of
generated negative constraints. We also aim to en-
sure practical utility by applying context caching
to increase inference efficiency.
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A Appendix

A.1 Experimental Setup Details

All local experiments were conducted on a single
NVIDIA A6000 48GB GPU. For all models, in-
cluding GPT-40 (LLM-as-a-Judge), we employed
greedy decoding (temperature = 0, do_sample =
False) to ensure reproducibility. For all genera-
tion tasks, we set the maximum number of output
tokens to 512, whereas the pitfall predictor was
limited to 256 tokens. In the NLI-based evalua-
tion, we set the window size to 512 and stride to
256. Since all method is training-free and requires
no parameter updates, we utilized the entire set of
available samples for evaluation, comprising the
original training, validation, and test splits, to en-
sure statistical robustness. Adopting the setup from
PEARL (Sun et al., 2024), we utilized the human
annotation scores to distinguish task difficulty. An
average score > 3 were classified into the long split,
while the remainder were classified into the short
split. The detailed composition of our evaluation
dataset is in Table 3.

Dataset Config.  Split Samples

long dev 330
long train 368

WA shon_ dev 302
1000
binary  train 860
Cond.QA binary dev 140

1000
16k - 500

LongReason 32k - 500
1000
free-form dev 300

Qasper _free-form  train 600
900

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

A.2 Intrinsic Reasoning Faithfulness

To verify the logical robustness and correctness of
the answers generated under our constraint sets, we
conducted a separate core conclusion extraction
analysis. As shown in Figure 6, using 200 ran-
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Figure 6: NLI transition analysis of Siotal t0 Score- (2)
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 Conditional QA
dataset, we compared the original answer scores
(Stota1) With the scores of core conclusions (Score)
extracted via GPT-4o0-mini. We categorized these
instances into low-score (Siota1 < 0.3) and high-
score (Siotal > 0.7) groups to measure the transi-
tion rates between these score states. Experimen-
tal results show that PPA-Plan achieves a 56.73%
transition rate from the initial low S, group to
the high S¢ore group. This rate is more than 15%
higher than those of CoT (40.54%) and PEARL
(41.98%). This result proves that the abundance of
information in PPA-P1lan, generated to avoid bias
or perform multi-perspective analysis, acts as noise
during NLI evaluation rather than indicating actual
logical failures. While PPA-Plan maintains logi-
cal robustness and correctness through deep rea-
soning, NLI metrics underestimate its performance
more severely than other methods. In contrast, CoT
shows the lowest transition rate, suggesting its low
scores likely stem from actual logical flaws rather
than information richness.

Analysis of the high-score (Stota1) group reveals
that extracting core conclusions caused transitions
to low or mid Sy at rates of 47.06% for PEARL
and 47.91% for PPA-Plan. These figures represent
a score drop approximately 27% larger than the
20.22% observed for CoT. This significant decrease
indicates that the detailed explanations generated
by PPA-Plan serve as essential logical grounding
that supports the final answer. Notably, CoT exhib-
ited the highest state-retention rates, 54.95% for
low-to-low and 79.78% for high-to-high, confirm-
ing that NLI metrics underestimate CoT the least
among all compared approaches.



A.3 Distribution of Negative Constraints.

This section analyzes the error types identified by
the Pitfall Predictor and the characteristics of the re-
sulting negative constraints. We randomly sampled
200 instances of negative constraints generated us-
ing Qwen-2.5-14B-Instruct from the LongReason
and Qasper datasets. GPT-4o0 then served as an
LLM judge to perform multi-label classification
across five predefined categories (Figure 4).

Results show that information synthesis is the
most frequent category in both datasets, with 491
labels in LongReason and 542 in Qasper. The total
label count exceeds the number of samples because
a single negative constraint can belong to multi-
ple categories. This high frequency indicates that
our constraints force the model to integrate scat-
tered information throughout long contexts during
reasoning. By requiring this synthesis, the frame-
work prevents the model from drawing conclusions
based solely on localized information within spe-
cific paragraphs.

Implicit constraints also account for a signifi-
cant portion of the labels (232 and 235 occurrences,
respectively). These constraints address essential
preconditions for logical completeness not explic-
itly stated in the text. By identifying these hidden
requirements, the negative constraints prevent mod-
els from merely reacting to surface-level text and
instead force them to recognize underlying logical
constraints for deeper reasoning.

Finally, the boundary & scope category (162 and
168 occurrences) optimizes the vast search space
within the specific limits of the problem. This ap-
proach prevents premature generalizations or un-
founded logical expansions, where models create
unfounded causal links to jump to conclusions, al-
lowing the model to maintain reasoning precision
within the prescribed domain.
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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)>"
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### 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."
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#i## 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."
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#i## 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.”
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### Example 4 (Evaluation & Definition)

[Question]
"0f the following options, which seems to be Tremaine’s biggest asset in his investigation?”

[Answer]
{“assumption_pitfalls”: [
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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’.”
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### 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.”
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#i## 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.”

13

### Your Task

[Question]
{question}

[Answer]

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

[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.
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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 xdo 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]

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

[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
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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]

Table 6: Detailed prompt for the Corrector of PPA-Plan.

21



Article
{article}

End of Article

Question: {question}

Answer:
(Please provide a detailed explanation for answering the question above.)

Table 7: Detailed prompt for Generative Question Answering (GQA).

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:

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

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:

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

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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