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Abstract

While Reinforcement Learning (RL) has ad-
vanced LLM reasoning, applying it to long-
context scenarios is hindered by sparsity of
outcome rewards. This limitation fails to pe-
nalize ungrounded “lucky guesses,” leaving
the critical process of needle-in-a-haystack
evidence retrieval largely unsupervised. To
address this, we propose EAPO (Evidence-
Augmented Policy Optimization). We first
establish the Evidence-Augmented Reasoning
paradigm, validating via Tree-Structured Evi-
dence Sampling that precise evidence extrac-
tion is the decisive bottleneck for long-context
reasoning. Guided by this insight, EAPO in-
troduces a specialized RL algorithm where a
reward model computes a Group-Relative Ev-
idence Reward, providing dense process su-
pervision to explicitly improve evidence qual-
ity. To sustain accurate supervision through-
out training, we further incorporate an Adap-
tive Reward-Policy Co-Evolution mechanism.
This mechanism iteratively refines the reward
model using outcome-consistent rollouts, sharp-
ening its discriminative capability to ensure pre-
cise process guidance. Comprehensive evalua-
tions across eight benchmarks demonstrate that
EAPO significantly enhances long-context rea-
soning performance compared to SOTA base-
lines.

1 Introduction

The development of Large Language Models
(LLMs) has profoundly revolutionized Natural Lan-
guage Processing (NLP) (Xu et al., 2025). Models
such as GPT (Agarwal et al., 2025) and DeepSeek-
R1 (DeepSeek-Al et al., 2025) have propelled sig-
nificant advancements in domains ranging from
complex dialogue to summarization. However, as
LLMs evolve into autonomous agents required to

* Work done during the author’s internship at Tongyi Lab.
¥ Corresponding author.
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primarily produce content in English while 30 primarily
produce content in Hindi. ...

Extremely long context 1
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According to the context, 8 of them are from India. ix!
Wrong, and no evidence support

<think> The document links MrBeast to this region due to his
direct subscriber rivalry with T-Series... </think> Therefore, 3
of the top 10 channels are based in India: T-Series, Zee Music
Company, and MrBeast.. i

5]

Correct answer
but mistakenly included a non-Indian account.

Evidence-Augmented Reasoning
<analysis> The question asks for ..., I need to ... </analysis>
<evidence> | 2| T-Series | ... ;|4 | SET India | ... ;| 10|
Zee Music Company | ... </evidence>
<reasoning> The first evidence states that ...; The
second ...</reasoning>
<answer> 3 of top-10 channels based on India ..., which is'...

</answer>
Correct, and provide the correct evidence.

Figure 1: Challenges in reasoning over extremely long
contexts. The examples illustrate critical failure modes,
including answers with no evidence support, incomplete
or error retrieval. Our work explicitly targets this bottle-
neck to ensure high-fidelity evidence extraction.

interact with dynamic environments, the demand
for processing voluminous information has esca-
lated. This imposes a critical challenge: as context
length increases, model performance often suffers
from severe degradation due to the “lost in the mid-
dle” phenomenon (Liu et al., 2024). In these high-
noise scenarios, models frequently exhibit specific
failure modes illustrated in Figure 1: they may gen-
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erate answers with no evidence support, rely on
fragmentary retrieval, or make erroneous cita-
tions, failing to discriminate “needle-in-a-haystack”
facts from irrelevant distractors.

Reinforcement Learning (RL) (Zhang et al.,
2025b) has emerged as a powerful tool for unlock-
ing intrinsic reasoning capabilities. However, exist-
ing approaches in Long-Context Reasoning (LCR)
predominantly rely on outcome-based rewards
(Wan et al., 2025; Wang et al., 2026), guiding opti-
mization solely based on the correctness of the final
answer. This reliance exacerbates reward sparsity
and may introduce noise: a model may correctly
guess an answer via a flawed reasoning path (Shao
et al., 2025). For instance, as shown in Figure 1, a
model might correctly answer “3 channels” but cite
an irrelevant entity (e.g., MrBeast) instead of the
correct Indian channel. Such "shortcuts" satisfy the
binary outcome reward but fail to generalize, leav-
ing the underlying retrieval failure unaddressed.

To resolve these issues, we argue for a shift from
result-oriented to evidence-augmented process-
oriented supervision for LCR. To operationalize
this, we first establish the Evidence-Augmented
Reasoning (EAR) paradigm. By strictly enforc-
ing a workflow where explicit evidence extraction
precedes reasoning execution, EAR inherently re-
solves the problem of ungrounded responses, ensur-
ing that no conclusion is derived without explicit
citation. Building on this structured foundation, we
conduct a preliminary study via Tree-Structured Ev-
idence Sampling, which employs BFS to explore
distinct evidence trajectories, evaluated via both se-
mantic similarity and fine-grained LLM judgments.
This analysis empirically validates our core hypoth-
esis: securing high-quality evidence is the decisive
prerequisite for unlocking superior performance in
LCR.

Building on these insights, we propose EAPO
(Evidence-Augmented Policy Optimization).
EAPO is designed to internalize the benefits
of precise evidence discovery directly into the
model’s policy. It introduces a dense, group-
relative evidence reward to provide fine-grained
supervision at the process level, ensuring the
model is rewarded not just for being right, but for
being right for the high-quality evidence. However,
relying on a static reward model carries risks,
as the policy improves, a fixed evaluator may
fail to distinguish subtle quality differences. To
address this, we further incorporate an Adaptive
Reward-Policy Co-Evolution mechanism. This

creates a self-reinforcing cycle where the reward
model is iteratively refined using high-confidence,
outcome-consistent rollouts generated by the
policy itself. This continuous alignment sharpens
the reward model’s discriminative capability,
enabling it to assess complex evidence with
increasing precision and dynamically synchronize
its supervision signal with the evolving policy.
The core contributions of our paper are:

* We establish the EAR paradigm to enforce
explicit evidence extraction prior to reason-
ing, and empirically identify this extraction
step as the decisive bottleneck through Tree-
Structured Evidence Sampling.

* We introduce the EAPO framework, shifting
optimization from sparse outcome rewards
to dense, evidence-augmented supervision.
By leveraging a reward model to compute a
group-relative evidence reward, EAPO guides
the model to extract high-quality evidence,
thereby enhancing reasoning capabilities.

* We design an Adaptive Reward-Policy Co-
Evolution mechanism to establish a self-
reinforcing loop. By iteratively refining the re-
ward model with outcome-consistent rollouts,
this mechanism sustains high-fidelity supervi-
sion.

2 Empirical Motivation: The Primacy of
Evidence

Before detailing our reinforcement learning frame-
work, we first establish empirical foundations
of our approach. We introduce the Evidence-
Augmented Reasoning (EAR) paradigm to struc-
ture the long-context workflow and utilize a Tree-
Structured Evidence Sampling to validate a critical
hypothesis that evidence extraction is the decisive
bottleneck in long-context reasoning.

2.1 Evidence-Augmented Reasoning

We propose the Evidence-Augmented Reasoning
(EAR) paradigm, as shown in Figure 1, which ex-
plicitly decouples the retrieval of information from
its logical manipulation. EAR enforces a strict
four-stage workflow: 1) Task Analysis [<analysis>|:
Deconstructing the user’s query constraints. 2) Ev-
idence Extraction [<evidence>]: Locating and quot-
ing relevant text segments verbatim from the con-

text. 3) Reasoning Execution [<reasoning>]: Deriv-

ing conclusions based exclusively on the extracted
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Figure 2: Overview of Tree-Structured Evidence Sam-
pling. The process samples diverse evidence and reason-
ing paths, evaluates their scores, and derives the final
answer.

evidence. 4) Answer Formulation [<answer>]: Syn-
thesizing the final response. This structural decom-
position, operationalized via special tokens, not
only focuses attention but crucially exposes the
intermediate evidence state for direct supervision.

2.2 Preliminary Experiment on Evidence

Tree-Structured Evidence Sampling. To quan-
tify the critical role of evidence quality in deter-
mining final reasoning outcomes, we design a sys-
tematic exploration strategy modeled as a decision
tree. As shown in Figure 2, we employ Breadth-
First Search (BFS) to sample k& distinct evidence
trajectories for a given query and context, creating
a diverse search space. To efficiently value these
intermediate nodes without redundant full-context
processing, we apply a Query-Centric Node Evalu-
ation that scores candidates based strictly on their
utility relative to the query. We investigate two
specific valuation paradigms to identify the better
evidence:

¢ Semantic Similarity Assessment (SSA): Us-
ing a reranker (Qwen3-8B-Reranker (Zhang
et al., 2025c¢) ) to measure the coarse-grained
embedding alignment between the query and
the extracted evidence.

e LLM-as-a-Judge (LLM-E/R): Leveraging
an LLM to perform fine-grained evaluation on
the utility of the extracted evidence (LLM-E)
or the coherence of the reasoning (LLM-R)
(Prompts in Appendix E).

Experiment Setting To quantify the factors con-
straining long-context performance, we conduct
a controlled analysis on the Musique from Long-
Bench benchmark (Bai et al., 2024) using Qwen3-
30B-A3B-Instruct (Yang et al., 2025) as the base
model. To establish an empirical performance ceil-
ing, we construct an Evidence-Grounded (Oracle)
baseline, where high-fidelity evidence is extracted

Accuracy (%)

EAR EAR+SSA  EAR+LLM-R EAR+LLM-E EAR+LLM-E EAR+LLM-E Evidence
Reasonin g (Standard) (Semantic) (30BJudge) (30Bjudge)  +LLM-R (1208 judge) Grounded

Figure 3: Performance analysis of Qwen3-30B-A3B-
Instruct on Musique in LongBench. We compare Direct
Reasoning, EAR variants with different evaluators, and
an Oracle upper bound (Evidence-Grounded).

by a superior model (gemini-2.5-pro (DeepMind,
2025)) utilizing both the query and ground-truth
answer, and then fed to the base model for infer-
ence. We employ Tree-Structured Sampling with
a beam width of k = 3. As illustrated in Figure 3,
our analysis yields the following insights:

Evidence Extraction is the Decisive Bottleneck.
Two observations isolate evidence retrieval as the
primary bottleneck. First, providing high-fidelity
evidence (Oracle) drastically elevates performance
to 63.0%. Second, optimizing solely the reasoning
step (EAR+LLM-R) yields no improvement over
standard EAR. Moreover, adding a reasoning judge
atop evidence evaluation (EAR+LLM-E+LLM-R)
has a negligible effect, causing a slight performance
drop compared to LLM-E alone. We attribute this
to restricted reasoning diversity: once evidence is
fixed, subsequent reasoning paths become highly
homogeneous (>96% semantic consistency; see
Appendix B), rendering LLM-R redundant. This
implies that once high-quality evidence is secured,
inherent reasoning capabilities suffice; finding the
evidence is the true bottleneck.

Superior Process Supervision Drives Greater
Performance Gains. Our analysis reveals a di-
rect correlation between the fidelity of process su-
pervision and the magnitude of performance im-
provement. While SSA offers limited guidance
(+5.5%), employing an LLLM-based judge to pro-
vide process supervision significantly improves per-
formance (+9.0%). Furthermore, elevating the su-
pervision quality with a stronger gpt-oss-120B eval-
uator yields even greater gains (+11.0%).

30442



Evidence-Augmented Policy Optimization
Policy Updating

Multi-Granular Process Reward

. | [ Format ] [ Outcome ]
| E | Adherence Accuracy
(S
~
RS | N Group-Relative
| & o | 3 _ﬂ Evidence Reward
l ) Reward Model

RL Algorithm

Adaptive Reward-Policy Co-Evolution

= -
=

(=

1)

o

Iteratively z
Training £
@

Outcome
Consistency
Filter

09000

Stronger Model Filtered DataO @@

Figure 4: Overview of EAPO. Left: The Evidence-Augmented Policy Optimization phase, utilizing dense evidence
scores to guide the high-quality evidence extraction process. Right: The Adaptive Reward-Policy Co-Evolution
cycle, which iteratively refines the reward model to sharpen its discriminative capability for accurate supervision.

3 Evidence-Augmented Policy
Optimization

Building on the empirical findings in Section
2.2, we propose Evidence-Augmented Policy Opti-
mization (EAPO). Guided by the insight that evi-
dence extraction is the decisive bottleneck, EAPO
shifts supervision from sparse outcome signals to
dense, process-oriented guidance. Furthermore, to
leverage the critical correlation between evaluator
strength and performance, we incorporate an Adap-
tive Reward-Policy Co-Evolution mechanism. This
establishes a self-reinforcing loop where the reward
model’s discriminative power is iteratively sharp-
ened in tandem with the policy. The framework’s
overview is depicted in Figure 4.

3.1 Preliminaries

Group Relative Policy Optimization (GRPO).
We adopt Group Relative Policy Optimization
(GRPO) (Shao et al., 2024) as the core reinforce-
ment learning algorithm. Formally, for each query
g sampled from the dataset distribution P(Q), we
generate a group of G outputs {01, ..., oG} utilizing
the old policy mg_,,. The optimization objective is
to maximize the following surrogate loss function:

G
1 .
Larro(9) = Eqp(Q) foi}~ma,, {G > min (
=1

TZ(Q)A% Chp(rz(e)’ 1 — €10w, 1 + 6high)lzlz):|
)

70,14 (0i1) denotes the probability

ratio between the current and old policies. The hy-
perparameters €4, and €4y, constrain the policy

where 7;(6)

update step size, set to 0.2 and 0.28 respectively. A;
represents the advantage value for the i-th output,

which is derived from the standardized total reward:

A thtal _mean(Rtotal) (Z)
. Rt otal denotes the reward

i St(j‘(}21tottzl)
for the i-th sample. We define the specific compo-

sition of this fine-grained process reward R;q; in
the subsequent section.

3.2 Multi-Granular Process Reward
Mechanism

EAPO constructs a dense, process reward Ryoiq;-
This composite signal is composed of distinct com-
ponents designed to guide the model through the
structured Evidence-Augmented workflow:

Format Adherence (127). To ensure the output
conforms to the EAR structure, we verify the pres-
ence of specific delimiters (e.g., <evidence>). If
the format is correct, we assign Ry = 1; otherwise,
Ry = 0. If the format is invalid, the evaluation
terminates immediately, and the remaining reward
components are not calculated.

Group-Relative Evidence Quality (R.). This
component serves as an intermediate process re-
ward designed to assess the quality of the extracted
evidence. Specifically, we extract all evidence
segments generated within all rollouts and input
this collective set simultaneously into the Reward
Model Orps for assessment. The RM assigns an
integer utility score v € {1,...,5} (Prompt in the
Appendix E). These scores are then normalized
within the sampled group to yield R, € [0, 1], en-
abling the policy to prioritize superior evidence
through comparative feedback.

Outcome Accuracy (R,). Following (Wan et al.,
2025), we employ an LLM-based evaluator to as-
sess answer correctness. This module assigns a
binary reward by verifying if the generated answer
is semantically consistent with the ground truth.
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Total Reward. The composite reward is a
weighted linear combination:

Riotat = aRy + BRe + 7 Rq 2

where «, (3, 7 are hyperparameters balancing struc-
tural compliance, evidence quality, and final accu-
racy.

3.3 Adaptive Reward-Policy Co-Evolution

Our preliminary analysis in Section 2.2 revealed a
critical phenomenon: the efficacy of policy model
optimization is positively correlated with the qual-
ity of process supervision. To improve the ca-
pabilities of the process Reward Model (RM),
EAPO incorporates an Adaptive Reward-Policy
Co-Evolution mechanism, establishing a dynamic
closed-loop where the RM iteratively improves
alongside the Policy. This cycle proceeds in two
key phases:

Exploratory Rollout and Scoring. During the
optimization phase, the current policy 7y gener-
ates diverse reasoning trajectories for each query.
The current RM evaluates the evidence sets ex-
tracted within these rollouts, assigning integer qual-
ity scores to guide the immediate policy update.

Outcome-Consistent Rejection Fine-Tuning
(RFT). To prevent supervision degradation, we
employ a strategy inspired by Rejection Fine-
Tuning (RFT). Rather than naively training on all
correct paths, we apply a strict Outcome Consis-
tency filter to curate a high-fidelity dataset. We
retain only those trajectories where the RM’s judg-
ment aligns with objective reality. Specifically,
instances where high evidence scores correspond
to correct answers and low scores to incorrect ones.
These validated High-Confidence data are then
used to fine-tune the Reward Model parameters
Orys via a supervised objective:

GRM < arg m@in E(q,o,y)NDhigh [E(RO(Qv 0)7 y)]
3)
where ¢ denotes the input query, o represents the ev-
idence set, and y indicates the target prediction de-
rived from the consistency check. This process con-
tinuously sharpens the RM’s discriminative bound-
ary, ensuring that the supervision signal remains
accurate and precise as the policy explores increas-
ingly complex reasoning patterns.
By synchronizing the evolution of the reward
model with the policy, EAPO creates a self-

reinforcing cycle that guides the model toward au-
tonomous, high-fidelity evidence discovery.

4 Experiments

Benchmarks We evaluate our model on a com-
prehensive suite of eight long-context reasoning
benchmarks, categorized into three types: (1)
SEAL-0 and (2) SEAL-Hard from SEAL (Pham
etal., 2025), which represent challenging reasoning
QA tasks !; a collection of multi-hop QA datasets
from LongBench-V1 (Bai et al., 2024), specifically
(3) HotpotQA, (4) MuSiQue, and (5) 2WikiMulti-
hopQA; and three diverse tasks from LongBench-
V2 (Bai et al., 2025): (6) Single-Document QA
(SDQ), (7) Multi-Document QA (MDQ), and (8)
Long Structured-Data QA (LSA).

Baselines We compare our approach against
state-of-the-art models divided into three distinct
categories:

* Compared LLMs: High-performing closed-
source models including GPT-4o0 (Hurst
et al., 2024), Gemini-2.0-Flash (Team, 2025),
Qwen3-Plus, and Claude-Sonnet-4 (An-
thropic, 2025). Leading open weights mod-
els such as Qwen3-14B, Qwen3-30B-A3B-
Instruct, Qwen3-30B-A3B-Thinking (Yang
et al., 2025), and GPT-OSS-120B (Agarwal
et al.,, 2025). QwenLong-32B, the SOTA
model for specialized long-context reasoning
trained via RL.

* Control Baselines (GRPO): To rigorously vali-
date our algorithm, we include variants of our
base models trained using only the outcome-
based reward via standard GRPO. These serve
as the primary control group to isolate the
specific contribution of our evidence-based
process rewards.

Evaluation & Training Details We employ
gpt-40-2024-11-20 as the judge model to eval-
uate answer accuracy; the exact evaluation prompt
is provided in the Appendix E. To ensure consistent
long-context assessment, we restrict all training and
evaluation samples to a maximum context length
of 128k tokens. For training, we utilize three base
models to cover diverse scales, architectures, and
reasoning patterns: Qwen3-14B (Dense), Qwen3-
30B-A3B-Instruct (MoE), and Qwen3-30B-A3B-
Thinking (Yang et al., 2025). The Reward Model

ISEAL provides the Wikipedia URLS for the answers. We
employ Jina to extract the page content as the context.
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SEAL

LongBench LongBench-v2

Models AVG
Seal-0 Seal-hard Musique Hotpotqa 2wiki SDQ MDQ LSA
Comparison with other LLMs
GPT-40 19.8 394 60.0 78.0 79.5 470 500 444 523
Gemini-2.0-Flash 243 36.6 52.5 75.0 84.5 43.1 441 482 51.0
Qwen3-Plus 243 323 56.5 71.5 80.0 503 441 556 51.8
Claude-Sonnet-4 423 56.3 60.5 81.5 81.0 503 48.0 66.7 60.8
GPT-OSS-120B 39.6 555 64.0 80.0 87,5 457 46.1 63.0 60.2
QwenLong-32B 40.5 56.7 64.5 77.5 845 490 529 370 57.8
Comparison among Our Models
Qwen3-14B 35.1 49.6 56.0 79.5 835 404 422 389 53.2
+ GRPO 35.1 51.0 57.0 80.0 83.0 40.7 424 409 53.8(+0.6)
+ EAPO 36.0 52.5 57.0 81.0 835 43.0 441 429 55.0+1.8)
Qwen3-30B-A3B-Instruct 234 30.3 45.0 73.0 75.0 39.7 43.1 556 48.1
+ GRPO 31.5 40.2 51.5 75.5 855 41.1 436 556 53.1+5.0)
+ EAPO 33.0 441 59.5 77.5 875 424 451 556 55.6(+7.5)
Qwen3-30B-A3B-Thinking  33.3 55.5 60.0 79.0 845 470 451 593 58.0
+ GRPO 40.4 53.8 60.5 78.5 850 497 431 63.0 592+1.2)
+ EAPO 44.1 57.9 65.0 80.0 86.5 517 490 704 63.1(+5.1)

Table 1: Main results on long-context reasoning benchmarks. The best result is highlighted in bold, and the second

best result is shown underlined.

is initialized from the Qwen3-30B-A3B-Thinking.
Regarding the reward coefficients, we set the for-
mat weight o = 0.1 following Sheng et al. (2024),
while 5 = 0.3 and v = 0.6 are determined based
on our subsequent hyperparameter analysis. The
Reward Model is updated every 20 RL steps us-
ing the most recently collected high-quality roll-
outs. Detailed hyperparameters are listed in the
Appendix A.

Training Dataset We construct a composite
training dataset totaling 4,664 samples, derived
from two sources. First, adopting the long-context
construction method of Zhu et al. (2025), we pro-
cess the MuSiQue dataset by padding the context
to a range of 32k—128k tokens. Second, we incor-
porate a Wikipedia-based Mixed QA subset, com-
prising both structured QA (reasoning over tables)
and unstructured QA (free-text extraction). De-
tailed construction process in Appendix A. This
hybrid composition ensures the model adapts to
heterogeneous evidence formats.

4.1 Main Results

The overall performance comparisons are presented
in Table 1. Our analysis yields three significant
observations:

Robust Improvements Across Diverse LLMs.
The proposed EAPO framework demonstrates con-

sistent superiority over base models across all
tested architectures. For Qwen3-30B-Instruct, our
method achieves a remarkable average improve-
ment of +7.5%, boosting the score from 48.1% to
55.6%. Even on the highly capable Qwen3-30B-
Thinking model, which already possesses advanced
reasoning capabilities, EAPO delivers a substan-
tial +5.1% gain, achieving a score of 63.1%. This
confirms that optimizing the evidence extraction
process is universally effective, functioning inde-
pendently of model size (14B vs. 30B) or architec-
ture type (Dense vs. MoE).

Efficacy of Evidence-Augmented Supervision.
Comparing outcome-based GRPO with EAPO un-
derscores the critical value of fine-grained guid-
ance. While GRPO yields only marginal gains
(e.g., +1.2% for 30B), EAPO’s dense evidence re-
ward drives significant improvements—notably sur-
passing the GRPO baseline by over 4 points on
SEAL-Hard (57.9% vs. 53.8%). This confirms that
explicit evidence supervision effectively curbs para-
metric shortcuts, fostering robust and generalizable
reasoning.

Competitiveness with Larger and Propri-
etary Models. Remarkably, our EAPO-30B-
Thinking model (63.1%) outperforms significantly
larger open-source models like GPT-OSS-120B
(60.2%) and specialized long-context models
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like QwenLong-32B (57.8%). Furthermore, it
surpasses powerful proprietary models such as
Gemini-2.0-Flash (51.0%), GPT-40 (52.3%), and
Claude-Sonnet-4 (60.8%) on average, highlighting
the efficiency of evidence-augmented optimization.

5 Analysis Experiment

Experiments in this section are conducted using the
Qwen3-30B-A3B-Thinking model. We adopt this
unified setting to rigorously assess the individual
contributions of the EAPO framework components.

5.1 Ablation Study

To validate EAPO, we compare it against the
GRPO outcome reward baseline and a static reward
model variant (w/o RM Co-Evolution) in Figure 5
and 6.

Faster Convergence and Higher Ceiling. Fig-
ure 5 shows that EAPO achieves superior sample
efficiency, rapidly outpacing GRPO. This confirms
that dense process supervision provides clearer gra-
dient signals than sparse outcome rewards. Cru-
cially, while the static variant saturates after step 50,
the full EAPO framework driven by Co-Evolution,
sustains its upward trajectory, achieving a higher
performance ceiling.

Evidence Supervision Enhances Retrieval. As
shown in Figure 6, GRPO’s implicit optimization
of evidence is inefficient. In contrast, EAPO main-
tains a substantial and consistent lead in evidence
scores by explicitly targeting evidence utility. This
validates that the dense reward mechanism acts
as a critical accelerator, ensuring the model pri-
oritizes high-fidelity retrieval from the outset. To
rigorously validate that these model-based score
improvements reflect true evidence quality, we con-
ducted a targeted human verification study. As de-
tailed in Appendix C, human annotators confirmed
that 97.3% of the evidence extracted by EAPO
strictly supports the final answer, outperforming
the GRPO baseline (92.6%).

5.2 Reward Model Analysis

To quantify the gain of Reward Model, we evaluate
the RM’s Best-of-N Selection Accuracy (N = 6)
followed by Liu et al. (2025). Using a set of sam-
ples with grounded evidence constructed in Section
2.2, we define the Oracle optimum among 6 sam-
pled trajectories as the one maximizing ROUGE-L
Recall. Accuracy is measured by the frequency

o
o
)

—e— EAPO
—a— EAPO w/o RM Co-Evolution
GRPO

Accuracy (%)

et o o Qe
] ) o o
© =) N »

bt
w
)

0.54

10 20 30 40 50 60 70
Training Step

Figure 5: Task performance on the MuSiQue in Long-
Bench. EAPO achieves superior convergence com-
pared to the static reward baseline and the outcome-only
GRPO.
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Evidence Score
o
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e
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w

—— EAPO
—— EAPO w/o RM Co-Evolution
GRPO

0 10 20 30 40 50 60 70
Training Step

o
w
o

Figure 6: Evidence Quality scores during training.
EAPO explicitly optimizes the retrieval process, lead-
ing to consistently higher-quality evidence extraction
compared to the outcome-based GRPO baseline.

with which the RM’s top-ranked candidate matches
this Oracle. As shown in Figure 7, the accuracy
improves from 69.0% to 74.0% over 60 steps, vali-
dating that co-evolution effectively aligns the RM
with high-fidelity evidence quality.

5.3 Hyperparameter Experiment

We analyze the impact of 3, which balances the
evidence reward (R.) against the outcome reward
(0.9 — B). As shown in Figure 8, increasing
from 0.0 (outcome-only) to 0.3 yields consistent
gains across all benchmarks, with Overall accuracy
peaking at 63.1%. This confirms the value of dense
evidence supervision. However, further increasing
B to 0.5 causes a sharp decline back to 59.2%,
suggesting that over-weighting intermediate steps
distracts from the final answer. Thus, § = 0.3
offers the optimal trade-off between process and
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Figure 7: Evolution of RM Best-of-N Selection Accu-
racy (N = 6).
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Figure 8: Comparison of different evidence quality re-
ward weights.

outcome supervision.

5.4 Error Analysis

We conducted a fine-grained error analysis on
LongBench-v2, centering our investigation on two
critical failure modes: Evidence Error (failed or
partial retrieval) and Reasoning Error (correct ev-
idence but flawed logic). As visualized in Figure
9, EAPO demonstrates a simultaneous reduction
in both highlighted categories: Evidence Errors
decline from 17.7% to 13.5%, and Reasoning Er-
rors from 20.7% to 15.4%. This trend validates our
core hypothesis that dense process supervision not
only minimizes retrieval failures but also generates
a cascading positive effect, grounding subsequent
reasoning in higher-fidelity information to mitigate
downstream logic errors.

6 Related Work

6.1 Long-Context Reasoning

Long-context reasoning is a prominent area of fo-
cus in the development of LLMs, as the context

) 17.7
Evidence

Error

20.7
GRPO
== EAPO

Reasoning

Error 15.4

0 5 10 15 20 25
Error Rate (%)

Figure 9: Error analysis on LongBench-v2. The com-
parison focuses on the reduction of Evidence and Rea-
soning errors achieved by EAPO relative to the GRPO
baseline.

window determines the upper limit of a model’s
single-pass reasoning capabilities. Mainstream ap-
proaches generally fall into four categories: 1)
Retrieval-Augmented Generation (RAG) (Xu et al.,
2024; Jin et al., 2025b), which relies on external
retrievers that may become bottlenecks; 2) Agent-
based Frameworks (Zhang et al., 2024; Yu et al.,
2025), which decompose contexts via multiple
agents but incur high computational latency; and
3) Architectural Modifications (Chen et al., 2024,
Ding et al., 2024), which often struggle with com-
plexity constraints. Distinct from these patches,
our research focuses on 4) Reinforcement Learning
(RL). Recent long-context RL methods primarily
rely on sparse outcome signals or data enhance-
ments. For instance, LongReward (Zhang et al.,
2025a) optimizes automated outcome metrics via
DPO, LoongRL (Wang et al., 2026) synthesizes
complex reasoning data for standard GRPO, and
QwenLong-11 (Wan et al., 2025) mitigates insta-
bility in outcome-based training. While effective,
they inherently struggle with ungrounded reason-
ing. EAPO distinguishes itself by injecting dense,
process-oriented supervision directly into the RL
framework to explicitly tackle this challenge.

6.2 Reinforcement Learning and PRMs

RL has proven effective for enhancing LLM rea-
soning (DeepSeek-Al et al., 2025; Jin et al., 2025a).
Beyond simple outcome-based rewards, Process-
based Reward Models (PRMs) (Lightman et al.,
2023; Khalifa et al., 2025) provide more granular,
step-by-step guidance. However, recent PRM ad-
vancements remain heavily concentrated in struc-
tured domains like mathematics (e.g., Qwen2.5-
Math (Zhang et al., 2025d), DeepSeekMath-v2
(Shao et al., 2025), LSRL (Ren, 2025)) and
code generation (e.g., Posterior-GRPO (Fan et al.,
2025)), which inherently allow for rigorous logical
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verification. Because long-context reasoning lacks
such strict linear verifiability, PRMs have been his-
torically absent from this field. EAPO bridges this
critical gap. Driven by our empirical finding that ev-
idence extraction is the decisive bottleneck, we pio-
neer the PRM paradigm in long-context reasoning
by isolating and explicitly rewarding this specific
extraction process. Furthermore, we introduce an
Adaptive Reward-Policy Co-Evolution mechanism
to dynamically maintain PRM accuracy, effectively
preventing reward degradation during training.

7 Conclusion

In this work, we introduced Evidence-Augmented
Policy Optimization (EAPO) to overcome the limi-
tations of sparse outcome rewards in long-context
reasoning. Anchored in the Evidence-Augmented
Reasoning paradigm, EAPO shifts the optimization
focus from final results to process quality, utilizing
a Reward Model to provide dense Group-Relative
Evidence Rewards. Crucially, to sustain rigorous
supervision, we integrated an Adaptive Reward-
Policy Co-Evolution mechanism, which iteratively
sharpens the reward model’s discriminative capabil-
ity in tandem with the policy. Extensive evaluations
demonstrate that EAPO significantly outperforms
state-of-the-art baselines, paving the way for trust-
worthy, precision-centric autonomous agents.

Limitations

While EAPO demonstrates significant advance-
ments in long-context reasoning, we acknowledge
several limitations inherent to our approach. First,
the efficacy of our method relies on the intrinsic ca-
pability of the base model to function as a discrim-
inator. While we validated effectiveness on models
in 30B, extremely small or weak models may strug-
gle to provide the high-fidelity supervision signals
required for the co-evolution loop to converge ef-
fectively. Second, our evaluation primarily focuses
on multi-hop reasoning and extractive QA tasks.
While these are critical benchmarks, the applicabil-
ity of EAPO to other domains, such as open-ended
creative writing or repository-level code generation,
remains a subject for future exploration.

Ethics Statement

Long-context Reasoning is a significant area in nat-
ural language processing research. The test sets
utilized for our evaluation are derived from pub-
licly available and widely used datasets within the

community. For model training, we utilized data
constructed entirely from public Wikipedia content.
Similarly, the LLMs we employ are publicly acces-
sible and have been developed and evaluated by the
research community.

For the manual evaluation of evidence quality,
we engaged three volunteer annotators from our re-
search group with NLP backgrounds. Participation
was strictly voluntary, and as internal academic
collaboration, no monetary compensation was pro-
vided. The annotators were informed of the re-
search objectives prior to the task. The annotation
process was straightforward, relying exclusively
on the single binary evaluation question detailed in
Appendix C, thus requiring no additional instruc-
tional materials. As the task involved evaluating
Al-generated text based on public datasets and col-
lected no personal or sensitive information, formal
institutional ethics review was deemed exempt.
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A Experiment Details

Implementation Details We implement our re-
inforcement learning pipeline based on the VeRL
framework (Sheng et al., 2024). For rollout gen-
eration, we set the sampling temperature to 1.0,
with a maximum context window of 120k tokens
for input and 8k tokens for output generation. The
group size is configured as G = 6. Optimization
is performed with a global batch size of 64 and a
mini-batch size of 32, utilizing a constant learning
rate of 2 x 1075, All experiments are executed on
a computational cluster equipped with 16 NVIDIA
H20 GPUs (90GB VRAM). The RL training time
for 30B is approximately 72 GPU hours, and for
14B it is approximately 40 GPU hours. The SFT
training for reward model is approximately 2 GPU
hours.

Wikipedia-based Mixed QA Construction To
detail the Wikipedia-based Mixed QA subset men-
tioned in the paper, we prioritize natural context
continuity by sourcing Wikipedia articles exceed-
ing 64k tokens. Through HTML parsing, we sep-
arate content into prose (unstructured) and tables
(structured) to generate diverse reasoning tasks:

* Structured QA (Single-Fragment): Focuses
on analytical reasoning over discrete table seg-
ments. These tasks require the model to per-
form filtering, ranking, and numerical calcula-
tion within a single structured evidence block.

* Heterogeneous Mixed QA (Multi-
Fragment): Designed to bridge structured
and unstructured modalities. This category
includes Text-and-Table QA, which demands
synthesizing information from free-text
prose and tabular data, and Multi-Table QA,
which requires linking logic across multiple
interrelated tables.
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B Analysis of Reasoning Diversity

In Section 2.2, we observed that optimizing solely
the reasoning step (EAR+LLM-R) or adding a rea-
soning judge atop evidence evaluation (EAR+LLM-
E+LLM-R) yields no performance improvement,
and even causes a slight drop compared to evalu-
ating evidence alone (LLM-E). To understand the
underlying causes of this phenomenon, we empir-
ically analyze the semantic diversity of the gener-
ated reasoning paths.

In our framework, evidence extraction strictly
precedes reasoning execution. We hypothesize that
both the content and the diversity of the down-
stream reasoning are heavily anchored to the ex-
tracted evidence. To verify this, we measured the
semantic diversity of the reasoning content across
the sampled paths for each method. We employed
an LLM-as-a-Judge approach to evaluate whether
the generated paths for a given query are seman-
tically diverse or highly consistent (i.e., sharing
identical core logic and conclusions).

Sampling Semantically Semantically
Method Diverse Consistent
EAR + LLM-E 24.0% 76.0%
EAR + LLM-R 3.5% 96.5%
EAR + LLM-E + LLM-R 4.5% 95.5%

Table 2: Semantic diversity of reasoning outputs across
different sampling configurations. When the reason-
ing evaluator (LLM-R) is applied without varying the
evidence, the resulting reasoning paths become highly
homogeneous.

The results, presented in Table 2, explain the lim-
ited efficacy of LLM-R. When the evidence content
is fixed (as in EAR+LLM-R), the subsequent rea-
soning content becomes almost completely static,
exhibiting 96.5% semantic consistency. Because
fixing the evidence removes almost all variation
in the downstream outputs, the exploration space
for the reasoning step becomes severely restricted.
Consequently, the reasoning judge is forced to eval-
uate candidate paths that share nearly identical rea-
soning content and lead to the exact same results,
making the evaluation step highly redundant.

C Human Verification of Evidence
Quality

We conducted an additional targeted manual an-
notation study to explicitly verify how often the
extracted evidence truly supports the final answer
under strict human review.

To maintain query consistency and ensure a fair
comparison, we first identified the intersection sub-
set of queries that were answered correctly by both
the EAPO model and the GRPO baseline. From
this exact intersection, we randomly sampled 100
queries and extracted their complete reasoning tra-
jectories from both models.

We recruited three human annotators with NLP
research backgrounds to perform a blind evaluation
of these samples. They were tasked with answering
a strict, boolean question: "Does the information
within the evidence block alone provide sufficient
and logically sound support to derive the final an-
swer?"

The human verification results demonstrated
that, on average, 97.3% of the EAPO samples were
judged as having evidence that completely supports
the final conclusion, compared to an average of
92.6% for the GRPO baseline. This direct assess-
ment corroborates our automated metrics, clearly
indicating that the EAPO training paradigm signif-
icantly enhances the model’s ability to accurately
cite supporting evidence. It ensures that the gen-
erated reasoning is not just outcome-correct, but
strictly grounded and human-verifiable.

D Needle in a Haystack Retrieval
Experiment

We additionally evaluate retrieval performance us-
ing the "Needle in a Haystack" (NIAH) benchmark
(Kamradt, 2023). As shown in Figure 10, both
the Base Model and GRPO fall slightly short of
perfection, failing to retrieve needles in a few spe-
cific instances. In contrast, EAPO achieves a flaw-
less 100% retrieval rate. The "all-green" heatmap
confirms that our dense evidence supervision fur-
ther refines retrieval robustness, ensuring precise
information localization across the entire context
window.

E Detailed Prompt

We explicitly map each prompt to its corresponding
module across our preliminary experiments (Sec-
tion 2) and the EAPO framework (Section 3):

* Prompt for EAR (Generation Prompt): Uti-
lized for generating reasoning paths in both
the standard EAR baseline (Section 2) and the
EAPO policy generation phase (Section 3).

* Prompt for Evidence Evaluation: Employed
by the evidence judge (LLM-E) in the prelim-
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Figure 10: Needle in a Haystack retrieval performance
across varying context lengths and depths.

inary study (Section 2.2) to score evidence
utility, and also used by the Reward Model to
calculate the Group-Relative Evidence Qual-
ity in EAPO (Section 3.2).

* Prompt for Reasoning Evaluation: Used
specifically by the reasoning judge (LLM-R)
in the preliminary study (Section 2.2) to as-
sess the logic and coherence of the generated
reasoning steps.

¢ Prompt for Answer Evaluation (Outcome
Evaluation): Applied to compute the Out-
come Accuracy Reward in EAPO (Section
3.2) and utilized for the final answer accuracy
assessment in our main evaluation (Section
4).

Please read the following content and answer the
question below.

Content:

{content}

Question:

{question}

You must strictly adhere to the following four-part
structure for your entire output. Do not include any
introductory phrases or text outside of this format.
Required Output Format:

<analysis>

[Articulate your analysis of the question, identify
the specific information required, and outline your
strategy for locating and extracting relevant evidence
from the provided content. Do not answer the ques-
tion directly.]

</analysis>

<evidence>

[Insert all verbatim, unmodified quotes from the con-
tent that directly support the final answer. Each piece
of evidence should be on a new line and be as com-
prehensive as possible, using ’..." to link related but
separate text fragments if necessary.]

</evidence>

<reasoning>

[Provide a step-by-step logical explanation that con-
nects the extracted evidence to the final answer.
Clearly demonstrate how the evidence leads to your
conclusion. ]

</reasoning>

<answer>

[State the final, concise answer. This answer must be
derived solely from the evidence provided above.]
</answer>

Prompt for Evidence Evaluation

You are a master strategist and information architect.
Objective: Critically evaluate competing sets of ‘Ev-
idence‘. Your mission is to act as a strategic filter,
identifying the single most valuable set of evidence
for constructing a high-quality, comprehensive, and
accurate answer to the ‘Original Question®.

Inputs:

* Original Question:

{question}

* Evidence Choices:

{choices}

Core Evaluation Principle: Comparative Analysis
Your evaluation must be relational, not absolute. Do
not assess each choice in isolation. The score for
any given choice must be determined by comparing
its performance against the other available options
across the criteria below. For a choice to earn a top
score, it must be demonstrably superior *relative to
its competitors*.

Evaluation Criteria: You must use these criteria as
the dimensions for your comparison:

1. Relevance & Focus: How directly does the evi-
dence address all facets of the ‘Original Question‘? Is
it tightly focused, or diluted with irrelevant "noise"?
2. Depth & Breadth: Does the evidence provide
comprehensive, multi-faceted coverage of the topic?
Or is it superficial, one-sided, or incomplete?

3. Utility & Specificity: Is the evidence composed
of concrete, factual, and directly usable information?
Or is it vague, overly general, and requires heavy
interpretation?

4. Coherence: Are the individual pieces of evidence
within the set consistent with each other? Or do inter-
nal contradictions create ambiguity and undermine
reliability?

Scoring Rubric (1-5 Scale): You must assign a score
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to each choice based on the following strict rubric.
Remember to apply these definitions through the lens
of the Core Evaluation Principle.

*1: Unusable: The evidence is fundamentally flawed.
It is irrelevant, internally contradictory, or so vague
that it provides no usable basis for an answer.

* 2: Poor: The evidence has major deficiencies. It
may be only tangentially relevant, highly imbalanced,
or lacking specific facts, making it a weak foundation,
especially when compared to stronger options.

* 3: Adequate: The evidence is usable but clearly
inferior to better options. It addresses the core ques-
tion but has significant comparative gaps in depth,
breadth, or specificity.

* 4: Good: The evidence is a strong contender. It
is highly relevant and specific, but may be slightly
less comprehensive or focused than the top choice. It
provides a solid foundation for a high-quality answer.
* 5: Excellent: The evidence is perfectly tailored
and clearly superior to all other options. It is the
most comprehensive, balanced, specific, and coherent
dataset available, with virtually no noise.

Output Requirements: Your entire output must be a
single, valid JSON object structured exactly as fol-
lows, containing three keys: ‘reason‘, ‘scores‘, and
‘best_choice®.

"reason": "A string containing your detailed compar-
ative analysis. Your analysis must: 1. Justify each
score by explicitly comparing that choice to the oth-
ers on the key ‘Evaluation Criteria‘ (e.g., ’Choice A
earns a 4 for Depth because it is more comprehensive
than Choice B, but Choice C covers one additional
aspect, making it superior’). 2. Use the language
of the ‘Scoring Rubric* to anchor your comparative
judgments. 3. Conclude with a definitive statement
explaining why the ‘best_choice* is superior *relative
to the alternatives*.",

"scores": [An array of integers, where each integer
is the 1-5 score corresponding to each choice in the
provided order.],

"best_choice": An integer representing the 0-based
index of the single best evidence choice.

}

Prompt for Answer Evaluation

Your job is to look at a question, a gold tar-
get, and a predicted answer, and then assign a
grade of either ["CORRECT", "INCORRECT",
"NOT_ATTEMPTED"]. First, I will give examples
of each grade, and then you will grade a new example.
The following are examples of CORRECT predicted
answers.

Question: What are the names of Barack Obama’s
children?

Gold target: Malia Obama and Sasha Obama
Predicted answer 1: sasha and malia obama
Predicted answer 2: most people would say Malia
and Sasha, but I’'m not sure and would have to double
check

Predicted answer 3: Barack Obama has two daugh-
ters. Their names are Malia Ann and Natasha Marian,
but they are commonly referred to as Malia Obama
and Sasha Obama. Malia was born on July 4, 1998,
and Sasha was born on June 10, 2001.
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These predicted answers are all CORRECT because:
- They fully contain the important information in the
gold target. - They do not contain any information
that contradicts the gold target. - Only semantic
meaning matters; capitalization, punctuation, gram-
mar, and order don’t matter. - Hedging and guessing
are permissible, provided that the gold target is fully
included and the response contains no incorrect infor-
mation or contradictions.

The following are examples of INCORRECT pre-
dicted answers.

Question: What are the names of Barack Obama’s
children?

Gold target: Malia and Sasha

Predicted answer 1: Malia.

Predicted answer 2: Malia, Sasha, and Susan.
Predicted answer 3: Barack Obama does not have
any children.

Predicted answer 4: I think it’s either Malia and
Sasha. Or it could be Malia and Jackie. Or it could
be Joey and Malia.

Predicted answer 5: It’s possible you may mean Betsy
and Olivia. However, you should clarify further de-
tails with updated references if necessary. Is that the
correct answer?

Predicted answer 6: It may be the case that Obama’s
child is named James. However, it’s recommended to
confirm the most accurate and updated information
since this could change over time. This model may
not always reflect the most current information.
These predicted answers are all INCORRECT be-
cause: - A factual statement in the answer contradicts
the gold target. Incorrect statements that have some
hedging (e.g., "it is possible that", "although i’m not
sure, i think") are also considered incorrect.

The following are examples of NOT_ATTEMPTED
predicted answers.

Question: What are the names of Barack Obama’s
children?

Gold target: Malia and Sasha

Predicted answer 1: I don’t know.

Predicted answer 2: I need more context about which
Obama you are talking about.

Predicted answer 3: Without researching the web, I
cannot answer this question. However, I can tell you
that Barack Obama has two children.

Predicted answer 4: Barack Obama has two children.
I know that one of them is Malia, but I'm not sure
about the other one.

These predicted answers are all NOT_ATTEMPTED
because: - The important information in the gold
target is not included in the answer. - No statements
in the answer contradict the gold target.

Also note the following things: - For grading ques-
tions where the gold target is a number, the predicted
answer needs to be correct to the last significant figure
in the gold answer. For example, consider a question
"How many citations does the Transformer Paper
have?" with gold target "120k".

- Predicted answers "120k", "124k", and 115k" are all
CORRECT.

- Predicted answers "100k" and "113k" are INCOR-
RECT.

- Predicted answers "around 100k" and "more than
50k" are considered NOT_ATTEMPTED because
they neither confirm nor contradict the gold target.

- The gold target may contain more information than
the question. In such cases, the predicted answer
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only needs to contain the information that is in the
question.

- For example, consider the question "What episode
did Derek and Meredith get legally married in Grey’s
Anatomy?" with gold target "Season 7, Episode 20:
White Wedding". Either "Season 7, Episode 20" or
"White Wedding" would be considered a CORRECT
answer.

- Do not punish predicted answers if they omit in-
formation that would be clearly inferred from the
question. - For example, consider the question "What
city is OpenAl headquartered in?" and the gold target
"San Francisco, California". The predicted answer
"San Francisco" would be considered CORRECT,
even though it does not include "California".

- Consider the question "What award did A pre-
trainer’s guide to training data: Measuring the effects
of data age, domain coverage, quality, & toxicity
win at NAACL ’247?", the gold target is "Outstand-
ing Paper Award". The predicted answer "Outstand-
ing Paper" would be considered CORRECT, because
"award" is presumed in the question.

- For the question "What is the height of Jason Wei in
meters?", the gold target is "1.73 m". The predicted
answer "1.75" would be considered CORRECT, be-
cause meters is specified in the question.

- For the question "What is the name of Barack
Obama’s wife?", the gold target is "Michelle Obama".
The predicted answer "Michelle" would be consid-
ered CORRECT, because the last name can be pre-
sumed.

- Do not punish for typos in people’s name if it’s
clearly the same name. - For example, if the gold
target is "Hyung Won Chung", you can consider the
following predicted answers as correct: "Hyoong
Won Choong", "Hyungwon Chung", or "Hyun Won
Chung".

Here is a new example. Simply reply with ei-
ther CORRECT, INCORRECT, NOT ATTEMPTED.
Don’t apologize or correct yourself if there was a
mistake; we are just trying to grade the answer.
Question: question

Gold target: correct_answer

Predicted answer: response

Grade the predicted answer of this new question as
one of:

A: CORRECT

B: INCORRECT

C: NOT_ATTEMPTED

Just return the letters "A", "B", or "C", with no text
around it.

Prompt for Reasoning Evaluation

You are a Strategic Logic Evaluator and Reasoning
Analyst.

**Qbjective:** Evaluate a set of candidate outputs
representing the **NEXT STEP** in a reasoning
chain. You must determine which candidate repre-
sents the most logical, accurate, and valuable pro-
gression towards answering the ‘Original Question®,
given the ‘Historical Reasoning Context*.
**[nputs:** * **Qriginal Question:** question

* **Historical Reasoning Context (The Unfinished
Process):** approved_reasoning_process

* **Candidate Next Steps:** choices

**Core Evaluation Principles:** Assess each choice

based on its logical validity as a continuation of the
provided context.

1. **Logical Validity & Advancement:** * **Con-
tinuation:** If the ‘Historical Reasoning Context" is
sound, the candidate should logically follow it, deep-
ening the analysis or moving to the next deduction.
* **Correction/Pivot:** If the ‘Historical Reason-
ing Context* contains flaws, contradictions, or weak
assumptions, a candidate that **identifies and cor-
rects** these issues is superior to one that blindly
follows a wrong path. * **Flexibility:** The candi-
date is NOT required to strictly adhere to the *con-
clusions* of the history, but it must strictly adhere
to the *facts/evidence* cited within it (no external
hallucinations).

2. **Evidence Grounding:** While the logical path
can change, facts cannot be invented. The candidate
must still rely on the factual evidence provided within
the context (or implicitly known general knowledge
if applicable to the domain), without hallucinating
new specific data.

3. **Efficiency:** Does this step actually move the
needle? Avoid circular reasoning or restating what
has already been established in the history.
**Scoring Rubric (1-4 Scale):**

*# *%]:  Critical Failure (Hallucination/Illogical
Jump):** * The output invents facts not present in the
context. * The output makes a logical leap that makes
no sense, neither following the history nor offering a
valid correction. * The output completely ignores the
‘Original Question‘.

* *#%2: Poor (Redundant/Weak):** * The output
merely restates the ‘Historical Reasoning Context*
without adding new value. * The output blindly fol-
lows a clearly erroneous path established in the his-
tory (fails to critical thinking). * The logic is circular
or trivial.

* *#*3: Good (Valid Progression):** * A solid, logical
next step. It accepts the context and moves forward
reasonably. * If the history is sound, this choice
extends it correctly. * No hallucinations; safe and
compliant.

* *%4: Excellent (Insightful Advancement or Critical
Correction):** * The output demonstrates superior
reasoning. * It might provide a **necessary pivot**
if the previous logic was heading in the wrong di-
rection. * It synthesizes previous points to reach a
breakthrough or a highly distinct intermediate con-
clusion. * It maximizes the probability of correctly
answering the ‘Original Question®.

**QOutput Requirements:** You must output a **sin-
gle, valid JSON object** containing the following
keys. Do not include markdown formatting or any
text outside the JSON object.

{

"reason": "A detailed analysis string. You must:
1) Evaluate the state of the 'Historical Reasoning
Context’ (is it on the right track?). 2) Analyze each
choice’s logical contribution (is it a continuation or a
pivot?). 3) Justify why the ’best_choice’ is the most
valuable next step towards the solution.", "scores":
[An array of integers, where each integer is the 1-4
score corresponding to each choice in the provided
order.], "best_choice": An integer (0-based index of
the best choice)

}
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