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Abstract001

Reinforcement Learning with Verifiable Re-002
wards (RLVR) has proven effective in en-003
hancing LLMs’ short-context reasoning but004
falters in long-context scenarios requiring005
precise grounding and multi-hop reason-006
ing. We identify the "almost-there" phe-007
nomenon—trajectories that are largely correct008
but fail at the final step—in long-context rea-009
soning RL and attribute this failure to two010
factors: (1) the lack of high reasoning den-011
sity in long-context QA data, and (2) indis-012
criminate penalization of partially correct tra-013
jectories during long-context RL. To over-014
come this bottleneck, we propose DEEPREA-015
SONQA, a KG-driven synthesis framework that016
controllably constructs high-difficulty, multi-017
hop long-context QA pairs with inherent rea-018
soning chains. Building on this, we intro-019
duce Long-context Process Advantage Shaping020
(LONGPAS), a simple yet effective method021
that performs fine-grained credit assignment by022
measuring reasoning steps along Validity and023
Relevance dimensions, which captures critical024
signals from "almost-there" trajectories. Exper-025
iments on three long-context reasoning bench-026
marks show that our approach substantially out-027
performs RLVR baselines and matches frontier028
LLMs while using far fewer parameters. Fur-029
ther analysis confirms the effectiveness of our030
methods in strengthening long-context reason-031
ing while maintaining stable RL training.1032

1 Introduction033

Reasoning over long contexts is a critical capabil-034

ity for modern large language models (LLMs), as035

many real-world tasks—such as document under-036

standing (Bai et al., 2024b, 2025) or agentic deep037

research (Jin et al., 2025; Team et al., 2025)—re-038

quire grounding information and perform complex039

reasoning across millions of tokens (Hsieh et al.;040

Ling et al., 2025; Krishna et al., 2025). While ad-041

vanced LLMs have successfully employed RLVR042

1https://anonymous.4open.science/r/LongPAS
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Figure 1: Entity & Triplet Coverage between negative
rollouts and GT reasoning chains on FRAMES (Krishna
et al., 2025) with Qwen3-4B model.

(Reinforcement Learning with Verifiable Rewards) 043

to enhance short-context complex reasoning (Guo 044

et al., 2025; Yue et al., 2025), performance still 045

degrades significantly when confronted with long- 046

context scenarios. Recent works have explored 047

improving long-context capability in RL by pro- 048

gressively scaling the context window (Wan et al., 049

2025), or employing data-driven RL to learn ad- 050

vanced reasoning patterns (Wang et al., 2025). 051

However, these methods primarily focus on improv- 052

ing information grounding but still struggle with 053

in-depth reasoning over long-context documents. 054

A key reason is that they suffer from the 055

limitation of current outcome-based RLVR algo- 056

rithms (Shao et al., 2024; Sheng et al., 2024a; 057

Cheng et al., 2025), which uniformly rely on 058

sparse, outcome-level rewards. This makes it 059

hard to distinguish the common "almost-there" 060

cases—trajectories where most reasoning steps are 061

correct but the final answer is wrong—causing 062

RLVR to discard valuable learning signals, espe- 063
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cially in complex long-context tasks where such064

cases are frequent. Empirically, our analysis of065

Entity & Triple Coverage across uncertainty lev-066

els in Figure 1 shows that LLM correctly anchors067

most critical entities but fails at integrating them068

for final reasoning (Further analysis in Section 4.1).069

Despite their potential to provide valuable learn-070

ing signals (Bae et al., 2025), these trajectories are071

penalized as failures under sparse reward regimes.072

While process-level supervision is a natural rem-073

edy for reward sparsity, long-context tasks intro-074

duce unique challenges: (1) Sparsity Reasoning075

Density: Unlike logic-dense short-context tasks,076

critical information in long documents is highly077

scattered. This "grounding-reasoning imbalance"078

makes it difficult for LLMs to incentivize high-079

quality reasoning patterns amidst contextual noise.080

Besides, the vast search space of long-form text081

hinders effective construction of high-quality, step-082

level data. (2) Indeterminate Credit Assignment:083

Since many steps involve mere context grounding,084

it is impractical to isolate which specific step con-085

tributed to an "almost-there" failure, complicating086

fine-grained supervision assignment. These chal-087

lenges motivate the following research questions:088

1. How to construct long-context QA data with089

high reasoning density, explicit step depen-090

dencies, and reliable step-level supervision?091

2. How can step-level signals be integrated into092

long-context RL to achieve fine-grained credit093

assignment?094

To resolve these problems, we shift the paradigm095

from mining supervision in noisy natural data to096

constructing supervision via controlled synthesis.097

We first introduce a KG-driven synthesis frame-098

work to automatically generate DEEPREASONQA,099

a large-scale, high-difficulty multi-hop QA dataset100

from sparse long documents at scale. This control-101

lable process inherently provides explicit reason-102

ing chains, offering reliable step-level supervision.103

Building on this, we propose Long-context Pro-104

cess Advantage Shaping (LONGPAS) to improve105

credit assignment in long-context RL. By leverag-106

ing reference chains, LONGPAS measures reason-107

ing steps across Validity and Relevance dimensions108

to compute token-level advantage reweighting co-109

efficients. This fine-grained shaping prevents the110

penalization of "almost-there" trajectories, stabiliz-111

ing the learning of complex reasoning. Compre-112

hensive evaluations across in-domain and out-of-113

domain benchmarks demonstrate that LONGPAS 114

significantly outperforms RLVR baselines across 115

multiple LLM series and rivals frontier LLMs with 116

far more parameters. Beyond accuracy, LONGPAS 117

induces more effective reasoning policies with pre- 118

cise grounding and robust long-range logic, en- 119

suring stable RL training and stepwise reasoning 120

validity in challenging long-context scenarios. 121

2 Related Works 122

Long-Context Data Synthesis Early long- 123

context synthesis primarily extended input lengths 124

by augmenting short-context datasets with dis- 125

tracting or irrelevant content (Li et al., 2024a,b,c). 126

While effective for increasing context window, they 127

fail to provide the high-density reasoning pattern 128

necessary for in-depth reasoning. Recent advance- 129

ments focus on generating more complex long 130

contexts. For instance, LongFaith (Yang et al., 131

2025b) utilizes citation-based prompting for faith- 132

fulness, while Wildlong (Li et al., 2025) employs 133

graph-based modeling for realism. Others gen- 134

erate extended contexts for existing pairs (Zhu 135

et al., 2025a), use query-centric document aggrega- 136

tion (Gao et al.), or transform short documents into 137

coherent long-form data via semantic retrieval and 138

reordering (Zhang et al., 2025). 139

Long-Context Reasoning Existing models have 140

extended context windows via techniques like 141

RoPE (Su et al., 2024; Peng et al., 2023) dur- 142

ing pre-training (Yang et al., 2025a; Deepmind, 143

2025), but they often struggle with in-depth rea- 144

soning over long contexts. Recent efforts have 145

explored post-training to unlock long-context po- 146

tential. Methods such as Long-context SFT (Bai 147

et al., 2024a) and DPO (Chen et al.) frequently 148

introduce non-generalizable biases. More recent 149

approaches like QwenLong-L1 (Wan et al., 2025), 150

SoLoPO (Sun et al., 2025), and E-GRPO (Zhao 151

et al., 2025) mainly focus on RL strategy optimiza- 152

tion while overlooking the necessity of high-quality 153

synthetic reasoning data. LoongRL (Wang et al., 154

2025) addresses the data gap by adding distracting 155

documents to multi-hop questions. However, they 156

all remain susceptible to the phenomenon where 157

outcome-based rewards discard valuable learning 158

signals in long-context scenarios. 159

3 Preliminary 160

Given a question Q and a long context C, stan- 161

dard long-context RLVR framework optimizes a 162
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policy πθ(y | C,Q) to maximize the expected ver-163

ifiable reward rans(y) of the final answer: J(θ) =164

Ey∼πθ
[r(y)]. We employ Group Relative Policy165

Optimization (GRPO) (Shao et al., 2024), which166

eliminates the need for a critic model by estimat-167

ing advantages within sampled groups. Given a168

prompt (C,Q) ∼ D, GRPO first samples a group169

of G candidate answers y = {y1, . . . , yG} from170

the old policy πold(y | C,Q). For each yi, the ad-171

vantage Âi is computed by normalizing its reward172

ri against the group mean and standard deviation:173

Âi = (ri − mean(r))/std(r). The policy πθ is174

optimized by maximizing the following objective:175

JGRPO(θ) = Ê(C,Q),y

[
1

G

G∑
i=1

fϵ

(
ρi(θ), Âi

)]
− β · Ê(C,Q) [DKL[πθ(· | C,Q)∥πold(· | C,Q)]] ,

176

where ρi(θ) = πθ(yi|C,Q)
πold(yi|C,Q) is the importance177

weight. fϵ(x,A) = min(xA, clip(x, 1−ϵ, 1+ϵ)A)178

is the PPO clipping function, and β is a hyperpa-179

rameter controlling the KL divergence penalty.180

4 Methodology181

4.1 The Challenge of Almost-there182

Phenomenon in Long-Context Reasoning183

Sparse rewards often hinder RLVR on complex184

long-context tasks. Since long trajectories com-185

prise multiple components (e.g., grounding, reason-186

ing), final-answer-based penalties may indiscrim-187

inately suppress valid sub-steps within incorrect188

rollouts, degrading overall performance. To quan-189

tify the prevalence of correct reasoning steps within190

the long-context multi-hop trajectories, we con-191

duct an empirical analysis on FRAMES (Krishna192

et al., 2025). We first use Gemini-2.5-Pro to iden-193

tify ground-truth reasoning chains P for each QA194

pair (Q,A), represented as a sequence of triplets195

(si, ri, oi). For each question, we perform N roll-196

outs T1, T2, ..., TN and group them by the ratio of197

positive outcomes. Subsequently, for each negative198

rollout Tf , we calculate the coverage metrics using199

the following formulas:200

Entity Coverage measures the proportion of201

correct entities in P that are present in Tf . It is202

calculated as |E(Tf )∩E(P )|
|E(P )| , where E(Tf ) and E(P )203

are the sets of entities in Tf and P , respectively.204

Triplet Coverage uses an LLM-as-a-judge to205

evaluate the correctness of each step in Tf . We206

define R(Tf ) as the set of triplets in Tf , and207

1. KG Construction

2. QA Generation

Subgraph

Sampling

Reasoning Paths

Extract & Obfuscation

Extract 
& 

Combine

Multi-hop 
Reasoning

Causal 
Analysis

Hypothetical
Scenario

QA Generation

Temporal
Reasoning

Domain
Documents

Knowledge
Graph

Multiple Reasoning Paradigms

Domain
Documents

Figure 2: Overall pipeline of the knowledge-guided
long-context multi-hop QA synthesis framework.

IJudge(R,P ) as an indicator that judges if the 208

triplet R ∈ R(Tf ) is a valid and correct reason- 209

ing step present in P . The Triplet Coverage is then 210

calculated as:
∑

R∈R(Tf ) IJudge(R,P )

|R(P )| . 211

Figure 1 illustrates the coverage distributions 212

and the results show that: as the Group Positive Ra- 213

tio increases (i.e., questions become easier), both 214

coverage metrics for negative rollouts rise, indicat- 215

ing that many failed trajectories contain substantial 216

correct reasoning. The consistently higher Entity 217

than Triplet Coverage further suggests that, while 218

the model excels at grounding but struggle with log- 219

ical chaining. Notably, coverage peaks around 50% 220

success ratio, representing borderline cases that 221

are especially valuable for RL (Bae et al., 2025). 222

This "almost-there" phenomenon necessitates re- 223

ward mechanisms that recognize and preserve valid 224

sub-steps even in failed outcomes. 225

4.2 Multi-hop Reasoning QA Synthesis 226

To address the scarcity of high-reasoning-density 227

QA pairs that necessitate long-range reasoning 228

over documents, we propose a Knowledge-Guided 229

Long-Context Multi-hop QA Synthesis Framework. 230

As shown in Figure 2, it automatically extracts 231

and constructs complex multi-hop QA pairs from 232

noisy long documents and simultaneously produces 233

high-quality reasoning chains that provide explicit 234

dependency paths for stepwise supervision. 235
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<think> The question asks… First, I need to 
understand what each part refers… </think>

Step 1: Identify the key 
elements… events in sitcom…

Step 7: Verify that 
Yashenka is the real-life…

……

<think> Let me carefully analyze the provided 
texts. I need to find out all the… </think>

Step 1: I need to identify 
the sitcom starring Private…

Step 6: The 1937 novel is 
‘Ali and Nino’. The sitcom..

……

<think> The question asks me to… First, let’s 
identify the sitcom starring Private…</think>

Step 1: Identify the sitcom 
starring Private Baldrick…

Step 7: Verify connection 
to other elements…

…… Therefore, the answer 
is Yashenka.

Therefore, the answer 
is Yashenka.

Therefore, the answer 
is Zhenia Flatt.

……

Validity & 
Relevance Signals

High
Advantage 

Shaping
LowRollout 1

Rollout N

Identify the real-life individual who, according to a schoolmate of one of the 
purported authors, served as the model for the antagonist in a 1937 novel set partly 
during the same year as the events depicted in a sitcom starring Private Baldrick 
and a video game featuring Quincey Morris's son?

Reasoning 
Chain

Policy LLM

Gr
ou

p 
Ro

llo
ut

Reference Trajectory

Figure 3: Overview of Long-Context Reinforcement Learning with Process Advantage Shaping.

KG Construction We first collect Wikipedia236

page documents according to the hierarchical cata-237

log, spanning diverse knowledge domains. From238

each document, we extract triplets and merge them239

into an initial knowledge graph G (Mo et al., 2025).240

A more complex, cross-document knowledge graph241

Gd is subsequently formed via domain-level aggre-242

gation. To enhance the quality and coherence of243

the graph, Gd is further refined through entity and244

relation clustering.245

Reasoning Path Sampling To generate chal-246

lenging multi-hop paths, we first sample relation-247

relevant subgraphs centered on target entities248

within the domain-specific KG. We then derive249

long-range reasoning paths using strategies such250

as Random Walk and BFS, under the constraint251

that key nodes are sparsely distributed across many252

documents to enforce cross-document grounding253

and retrieval. These sampled paths are further254

hardened through information perturbation and en-255

tity/concept obfuscation in Gd, e.g., Temporal Ob-256

fuscation ("the year ending with 5 in the late 20th257

century") and Location Obfuscation ("a country258

with a population over 1.4 billion").259

Question Generation We identify that high-260

reasoning-density questions necessitate the ability261

to synthesize deep and widely scattered contex-262

tual information for long-range reasoning. To this263

end, we categorize deep reasoning in long-context264

scenarios into four distinct paradigms: Multi-hop265

Reasoning, Causal Analysis, Temporal Reason-266

ing and Hypothetical Scenario. Using source doc-267

uments and extracted reasoning paths as ground268

truth, we employ a strong teacher LLM to synthe-269

size high-quality multi-hop QA pairs that integrate 270

these paradigms and apply question obfuscation. 271

Question complexity is controlled by the length of 272

sampled paths, and dataset diversity is ensured by 273

using paths from multiple sampling strategies. 274

Quality Control To assure the synthesized QAs 275

are paired with well-grounded documents, con- 276

cise answers and high-quality reasoning paths, we 277

apply a four-stage quality control pipeline: (1) 278

Answer Alignment Check: teacher LLMs act as 279

generator, responder, and verifier to ensure ques- 280

tion–answer consistency; (2) Knowledge Ground- 281

ing Check: we discard questions answerable with- 282

out the source documents to mitigate reliance on 283

parametric knowledge; (3) Complex Answer Filter- 284

ing: we keep only QA pairs with answers under 285

20 words to ensure reliable verification; (4) Con- 286

textual Robustness Check: samples that are easily 287

perturbed by irrelevant documents are filtered out. 288

The detailed pipeline is provided in Appendix A.2. 289

4.3 Long-Context Reinforcement Learning 290

with Process Advantage Shaping 291

To effectively address the common "almost-there" 292

phenomenon in long-context RL, we introduce 293

LONGPAS, which incorporates process advantage 294

shaping guided by on-policy reference trajectories 295

to facilitate fine-grained credit assignment. The 296

overall framework is illustrated in Figure 3. 297

On-policy GT-guided Rollout Given a question 298

Q and long context C, in addition to regular group 299

sampling rollouts T , we perform auxiliary sam- 300

pling by prompting the LLM to transform ground- 301

truth (GT) entity-relation triplets into a natural lan- 302
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guage trajectory τp. This ensures τp reflects the303

model’s own reasoning patterns, serving as an on-304

policy reference. To facilitate parsing, we use a305

step-by-step prompt template (see Appendix B) to306

enforce a structured, intermediate-step format.307

Hybrid Reward Design For open-ended long-308

context QA, rule-based verification alone often309

fails due to answer diversity. We adopt a hybrid310

reward mechanism (Wan et al., 2025) to balance311

precision and recall. Specifically, we compute the312

final reward as the maximum of a rule-based exact313

match and an LLM-based semantic judge:314

R(Q, ypred, ygt) = max
{
I(ypred = ygt),

LLMJudge(Q, ypred, ygt)
}
.

315

where I(·) is the indicator function for string match-316

ing. This hybrid approach mitigates false negatives317

by allowing the LLM judge to recognize semanti-318

cally equivalent but syntactically different answers.319

Process Advantage Shaping We posit that the320

reference trajectory τp encapsulates the necessary321

grounded information and reasoning logic. To322

mitigate erroneous penalization of valid sub-steps,323

we perform stepwise advantage shaping for neg-324

ative rollouts Tneg, while leaving positive roll-325

outs intact to encourage exploration. Specifically,326

for group sampling rollouts T = {τ1, τ2, ..., τn},327

we evaluate each sub-step sj of rollout τi in two328

dimensions: validity and relevance. Validity is329

evaluated with an LLM-as-a-Judge, denoted as330

Ivalid(si,j) = LLMJudge(sj , τp). The judge as-331

sesses whether τi aligns with the necessary entities332

and reasoning logic of the reference τp. Relevance333

is quantified by semantic similarity sim(si,j , τp)334

and reflects the extent to which the sub-step sj335

is semantically aligned with its rollout τi. The336

reweighted stepwise advantage Âi,j for the j-th337

step si,j in the i-th rollout τi is calculated as:338

Âi,j =
ri − mean({r1, r2, ..., rn})

std({r1, r2, ..., rn})︸ ︷︷ ︸
Group Relative Advantage

· (1− I(τi ∈ Tf ) · Ivalid(si,j) · sim(si,j , τp))︸ ︷︷ ︸
Step-wise Reweighting Coefficient

,

339

where I(τi ∈ Tf ) is an indicator for negative roll-340

outs, and sim(si,j , τp) denotes the semantic similar-341

ity between step si,j and τp. Consequently, when a342

sub-step in a negative rollout is deemed correct, the343

penalty vanishes (Âi,j → 0), whereas erroneous344

steps retain the full negative signal.345

We opt to mitigate penalties rather than assign 346

positive rewards to avoid optimization ambiguity. 347

Positively reinforcing sub-steps in failed rollouts 348

risks incentivizing "plausible but ineffective" paths. 349

Instead, our conservative credit assignment signals 350

that correct sub-steps were not the cause of failure, 351

preventing valid reasoning from being "unlearned" 352

without falsely labeling it as sufficient for success. 353

Overall Training Objective Following the de- 354

fined Process Advantage Estimation algorithm, we 355

now formalize the final training objective, which 356

incorporates the Step-wise Re-weighted Advantage 357

(Âi,j). The policy πθ is optimized by maximizing 358

the following objective function: 359

JGRPO(θ) = Ê(C,Q),y

 1

N

N∑
i=1

1

Li

Li∑
j=1

fϵ

(
ρi,j(θ), Âi,j

)
− β · Ê(C,Q) [DKL[πθ(· | C,Q)∥πold(· | C,Q)]] ,

360

where ρi,j(θ) =
πθ(si,j |si,<j ,C,Q)
πold(si,j |si,<j ,C,Q) denotes the 361

probability ratio of j-th step in i-th trajectory. 362

5 Experimental Setup 363

Training Settings We construct the DEEPREA- 364

SONQA training dataset containing 2,012 QA sam- 365

ples with documents up to 60K tokens. Dataset 366

construction details and statistics are provided in 367

Appendix A.1 and A.2. We conduct experiments 368

on different LLM backbones: (1) Instruct Mod- 369

els: LLaMA3.1-8B-Instruct, Qwen2.5-7B-Instruct, 370

Qwen3-4B-Instruct and Qwen3-30B-A3B-Instruct; 371

(2) Thinking Models: Qwen3-4B-Thinking and 372

Qwen3-30B-A3B-Thinking. We build our RL 373

framework on VeRL (Sheng et al., 2024b). Training 374

uses AdamW optimizer with learning rate 2e-6 and 375

a 5-step linear warmup. The max input length is 376

60K tokens; max output length is 30K for Thinking 377

models and 10K for Instruct models. We conduct 378

purely on-policy training with batch size 128 and 379

set group size N to 8, sampling temperature to 0.7 380

and top-p to 0.95. During GT path guided sampling, 381

temperature is set to 0 and top-p is set to 1. More 382

implementation details are listed in Appendix B. 383

Evaluation Configurations We evaluate all 384

LLMs on three widely-used and challenging long- 385

context QA benchmarks: (1) FRAMES (Krishna 386

et al., 2025), which comprises questions requir- 387

ing 2-15 Wikipedia articles to answer. (2) Long- 388

Bench V2 (Bai et al., 2025), a realistic multi- 389

choice QA benchmark containing long-context 390
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Models FRAMES LongBench V2 Multi-Hop QA

SingleDoc MultiDoc Code Repo Dialogue Overall 2Wiki HotpotQA MusiQue Avg

Frontier Models

GPT5-Nano 73.54 44.00 39.20 50.00 46.15 43.74 89.00 82.00 61.50 77.50
Gemini-2.5-Flash-Thinking 65.78 51.43 55.20 58.00 66.67 56.77 89.34 81.00 60.00 76.78
GPT-OSS-120B 72.69 44.57 43.20 53.06 61.54 47.01 89.00 82.00 66.00 79.00
GPT-OSS-20B 64.44 38.51 40.80 56.00 61.54 43.37 88.50 79.00 49.25 72.25

Instruct Models

LLaMA3.1-8B-Instruct 41.84 28.86 26.20 27.00 32.05 27.93 43.62 61.75 21.00 42.12
- RLVR 55.98 31.86 29.20 29.00 32.69 28.93 68.00 69.75 46.62 61.46
- LONGPAS 60.62 30.14 29.80 32.00 34.62 29.62 79.38 76.38 52.00 69.25

Qwen2.5-7B-Instruct 45.08 36.71 28.20 32.00 35.90 33.60 54.75 69.75 32.38 52.29
- RLVR 50.97 34.43 29.00 30.00 40.38 31.01 68.25 67.75 40.25 58.75
- LONGPAS 55.76 39.57 28.40 29.50 31.41 33.70 80.88 80.00 51.62 70.83

Qwen3-4B-Instruct 46.81 36.00 30.60 36.50 60.26 37.28 63.25 67.62 28.75 53.21
- RLVR 60.92 39.14 37.00 49.50 60.90 42.10 82.62 75.88 49.25 69.25
- LONGPAS 64.90 38.14 40.60 48.00 63.46 42.94 86.50 75.38 55.00 72.29

Qwen3-30B-A3B-Instruct 62.96 42.43 38.40 52.00 62.82 44.43 83.88 77.62 51.50 71.00
- RLVR 66.26 50.29 50.40 42.00 56.41 47.91 86.00 76.00 57.00 73.00
- LONGPAS 68.93 46.29 42.40 56.00 71.79 49.11 84.50 77.50 55.50 72.50

Reasoning Models

Qwen3-4B-Thinking 60.84 37.00 35.60 41.50 60.26 40.46 85.50 75.12 50.25 70.29
- RLVR 62.74 37.14 40.80 46.00 66.67 41.75 83.50 71.50 53.50 69.50
- LONGPAS 64.75 40.29 40.00 43.00 62.82 42.30 85.62 78.62 54.25 72.83

Qwen3-30B-A3B-Thinking 69.66 44.00 44.00 46.00 64.10 48.31 84.31 76.94 63.44 74.90
- RLVR 69.66 40.00 46.40 50.00 51.28 44.53 84.00 77.00 64.00 75.00
- LONGPAS 71.84 47.43 54.40 60.00 76.92 54.27 86.50 77.00 66.00 76.50

Table 1: Overall performance of models on long-context QA benchmarks. RLVR is implemented with GRPO (Shao
et al., 2024). The top scores for each backbone LLM are bolded. We additionally report four representative
reasoning-intensive sub-task performance of LongBench V2, full results are provided in Appendix C.9.

problems requiring deep understanding and reason-391

ing, with contexts ranging from 8K to 2M words.392

(3) Multi-Hop QA: We adopt three subsets 2Wiki-393

MultiHopQA, HotpotQA and MusiQue from Long-394

bench (Bai et al., 2024b), which cover 3-5 hop ques-395

tions with corresponding documents. To contextu-396

alize performance, we also evaluate frontier LLMs397

in different sizes including GPT5-Nano (Ope-398

nAI, 2025), Gemini2.5-Flash-Thinking (Deepmind,399

2025) and GPT-OSS (20B and 120B) (Agarwal400

et al., 2025). More detailed evaluation configura-401

tions can be found in Appendix B.402

6 Experimental Results403

6.1 Main Results404

In the section, we compare LONGPAS with dif-405

ferent LLM series and training strategies. More406

results on reasoning depth and length generaliza-407

tion can be found in Appendix C.1 and C.2.408

Substantial Gains over Various LLMs Table 1409

reports the main results of LONGPAS compared410

to various baselines and frontier LLMs across dif-411

ferent model families and scales (4B, 8B, 30B, 412

etc.). We highlight two key observations: (1) 413

Both our synthesized dataset DEEPREASONQA 414

and our training method LONGPAS contribute 415

substantial improvements. For example, RLVR 416

yields significant gains over the original LLMs 417

across all benchmarks: Qwen3-4B-Instruct (46.81 418

vs. 60.92 on FRAMES), Qwen3-4B-Thinking 419

(60.84 vs. 62.74 on FRAMES). These improve- 420

ments demonstrate the effectiveness of DEEPREA- 421

SONQA. Furthermore, replacing vanilla RLVR 422

with LONGPAS leads to additional gains: Qwen3- 423

4B-Instruct (60.92 vs. 64.90 on FRAMES), Qwen3- 424

4B-Thinking (69.50 vs. 72.83 on Multi-Hop QA); 425

(2) LONGPAS achieves comparable performance 426

to frontier LLMs with much fewer parameter scales. 427

For example, LONGPAS trained on Qwen3-4B 428

(both Instruct and Thinking) attains results on 429

FRAMES and Multi-Hop QA that are comparable 430

with Gemini-2.5-Flash-Thinking and GPT-OSS- 431

20B. In addition, LONGPAS trained on Qwen3- 432

30B-A3B surpasses GPT5-Nano and GPT-OSS- 433

120B on LongBench V2. 434
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Models FRAMES LongBench V2 Multi-Hop QA

SingleDoc MultiDoc Code Repo Dialogue Overall 2Wiki HotpotQA MusiQue Avg

Qwen3-4B-Instruct 46.81 36.00 30.60 36.50 60.26 37.28 63.25 67.62 28.75 53.21

- SFT 55.10 28.57 30.40 26.00 41.03 31.41 79.50 74.00 49.00 67.50
- GRPO 60.92 39.14 37.00 49.50 60.90 42.10 82.62 75.88 49.25 69.25
- DAPO 62.11 37.57 36.60 43.00 58.33 40.26 85.00 76.00 51.12 70.71
- LONGPAS (Ours) 64.90 38.14 40.60 48.00 63.46 42.94 86.50 75.38 55.00 72.29

Qwen3-4B-Thinking 60.84 37.00 35.60 41.50 60.26 40.46 85.50 75.12 50.25 70.29

- SFT 59.95 37.14 31.20 36.00 53.85 35.19 84.50 72.50 49.50 68.83
- GRPO 62.74 37.14 40.80 46.00 66.67 41.75 83.50 71.50 53.50 69.50
- DAPO 62.01 31.43 36.80 42.00 53.85 35.98 86.00 77.00 53.00 72.00
- LONGPAS (Ours) 64.75 40.29 40.00 43.00 62.82 42.30 85.62 78.62 54.25 72.83

Table 2: Pass@1 Performance Comparison of different training strategies on long-context QA benchmarks. For
SFT training, we distill high-quality QAs with reasoning trajectories through DeepSeek-V3 and DeepSeek-R1 (for
Instruct and Thinking model individually) under the guidance of GT reasoning chains.

Models FRAMES LongBench V2 Multi-Hop QA

SingleDoc MultiDoc Code Repo Dialogue Overall 2Wiki HotpotQA MusiQue Avg

LONGPAS 64.90 38.14 40.60 48.00 63.46 42.94 86.50 75.38 55.00 72.29

- w/o Validity Signal 62.68 37.71 33.60 46.00 61.54 41.15 86.00 72.50 46.50 68.33
- w/o Relevance Signal 63.17 40.29 35.20 49.00 62.18 41.95 85.00 74.75 51.00 70.25
- w/o On-policy Supervision 62.89 40.57 38.40 47.50 65.38 42.45 85.50 76.62 52.88 71.67

Table 3: Ablation Study of LONGPAS on (a) Process Signals and (b) On-policy Supervision.

Outperform different Training Strategies To435

further investigate how LONGPAS outperforms436

baseline training approaches, we report the com-437

parison results against SFT, GRPO and DAPO in438

Table 2. It is evidenced that LONGPAS achieves439

larger gains than standard RL approaches like440

GRPO and DAPO (Sheng et al., 2024a) on both In-441

struct and Thinking models. Given that LONGPAS442

exploits ground-truth reasoning chains, we also443

include a SFT baseline: we distill reasoning trajec-444

tories from a teacher LLM (Gemini2.5-Pro) under445

the guidance of GT reasoning chains, and then446

supervised fine-tune the student LLM. However,447

SFT lags behind the RL-based methods, which ex-448

ploit GT reasoning chains in an on-policy manner,449

highlighting the advantage of RL-style process opti-450

mization over offline distillation. Furthermore, the451

diminished performance on LongBench V2 sug-452

gests that SFT suffers from limited generalization453

to out-of-domain long-context tasks.454

6.2 Ablation Study455

In this section, we conduct ablation studies to inves-456

tigate the key components in LONGPAS, including457

(1) process signals in advantage estimation and (2)458

the role of on-policy trajectory supervision. More459

ablation results on training data length are pre-460

sented in Appendix C.3.461

Process Signal of Advantage Shaping To disen- 462

tangle the contributions of Validity and Relevance 463

to process advantage shaping, we first remove 464

the Validity signal Ivalid(si,j) = LLMJudge(sj , τp), 465

and retaining only Relevance as the indicator of 466

the necessity of sub-steps. Table 3 shows that 467

excluding Validity results in a 2.22% and 1.79% 468

drop on FRAMES and LongBench V2, respec- 469

tively, highlighting the necessity of logical verifica- 470

tion. Similarly, removing Relevance (binarizing the 471

reweighting coefficient) leads to declines of 1.73% 472

on FRAMES and 2.04% on Multi-Hop QA. These 473

results confirm that both signals are essential: Va- 474

lidity ensures logical soundness, while Relevance 475

filters contextual noise, together enabling precise 476

credit assignment for intermediate reasoning steps. 477

On-policy Trajectory Supervision To evaluate 478

the role of on-policy supervision, we conduct an ab- 479

lation by replacing τp with off-policy trajectories τd 480

sampled from Gemini-2.5-Pro under the guidance 481

of GT reasoning chain. As shown in Table 3, we 482

can also observe a performance decline across all 483

benchmarks, notably on FRAMES (-2.01%). We 484

attribute this to: (1) Distribution Mismatch: While 485

τp aligns with the current policy’s capability range, 486

the off-policy τd from a superior teacher model is 487

out-of-distribution. This forces the student to esti- 488

mate advantages for reasoning paths it cannot yet 489
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Figure 4: Training dynamics of LONGPAS on Qwen3-4B model compared with baseline algorithms. Left:
Generation Entropy; Middle: Response Length; Right: Training Reward.

explore, leading to unstable optimization. (2) Static490

Complexity: Teacher-generated steps often exhibit491

reasoning patterns or logic structures too complex492

for the student to emulate. Unlike the dynamic τp,493

the static nature of τd fails to synchronize with the494

policy’s evolving learning progress.495

6.3 Analysis496

Training Dynamics To understand how LONG-497

PAS achieves strong performance, Figure 4 illus-498

trates the training dynamics of LONGPAS. Com-499

pared to GRPO and DAPO, LONGPAS exhibits500

markedly more stable optimization. Regarding501

the entropy curves, it is evidenced that LONG-502

PAS preserves correct intermediate steps via fine-503

grained credit assignment, maintaining stable en-504

tropy throughout. Regarding the response length,505

LONGPAS maintains conciseness in early stages506

and increases length only when aligned with per-507

formance gains, effectively preventing verbosity508

exploitation. Conversely, DAPO shows unchecked509

length growth, eventually collapsing into meaning-510

less token generation. Considering training reward,511

although LONGPAS initially lags behind GRPO,512

its reward curve maintains a consistent upward513

trend, ultimately surpassing GRPO and demon-514

strating superior long-term optimization. This con-515

firms LONGPAS’s efficacy in maximizing rewards516

through a more precise and stable learning signal.517

Triplet Coverage Dynamics To elucidate how518

LONGPAS mitigates misapplied credit for "almost-519

there" samples, we analyze the relationship be-520

tween average Triplet Coverage and accuracy521

(Entity Coverage Dynamics are shown in Ap-522

pendix C.7). As shown in Figure 5, beginning from523

the same start, LONGPAS quickly establishes a su-524

perior Triplet Coverage (0.37–0.38), significantly525

outperforming GRPO. This sustained advantage526

suggests that LONGPAS enhances reasoning den-527

sity by reinforcing valid logical steps. The synchro-528
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Figure 5: Triplet Coverage on the training data and
FRAMES Accuracy dynamics with Qwen-4B model.

nized growth of Triplet Coverage and accuracy con- 529

firms that grounding the reasoning process in struc- 530

tured evidence facilitates precise credit assignment. 531

By incentivizing key triplet identification, LONG- 532

PAS effectively yielding more logical, evidence- 533

based trajectories and superior performance. 534

7 Conclusion 535

In this work, we systematically investigate the 536

"almost-there" phenomenon in long-context RL, 537

highlighting how outcome-based RLCR overlooks 538

critical learning signals in partially correct trajecto- 539

ries. We propose a KG-driven framework to synthe- 540

size DEEPREASONQA, a high-quality multi-hop 541

QA dataset with explicit reasoning chains. We 542

further introduce LONGPAS, which enables fine- 543

grained credit assignment via process advantage 544

shaping. Experimental results demonstrate that our 545

approach significantly enhances long-context rea- 546

soning and enables smaller models to rival frontier 547

LLMs, confirming that our approach stabilizes RL 548

training and fosters complex logical integration. By 549

integrating structured synthesis with granular pro- 550

cess supervision, this paradigm provides a scalable 551

path for developing agents capable of navigating 552

complex, large-scale information environments. 553
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Limitations554

This paper aims to incentivize in-depth reasoning555

of long-context LLMs on long-range multi-hop QA556

tasks, and offers a recipe combining a KG-guided557

multi-hop QA synthesis framework with a process558

advantage shaping strategy. While it makes sub-559

stantial progress in long-context reasoning, several560

limitations remain:561

Data Domain and Source The synthesis frame-562

work currently relies primarily on Wikipedia as the563

underlying knowledge source. While DEEPREA-564

SONQA already yields substantial improvements565

and effectively incentivizes deep long-context rea-566

soning patterns, incorporating long documents567

from domains such as law, finance, and medicine568

could introduce richer stylistic and structural diver-569

sity, potentially improving robustness and transfer-570

ability to real-world long-context reasoning tasks.571

Coupling of Synthesis Framework and Process572

Supervision A potential limitation is the per-573

ceived coupling between LONGPAS and the KG-574

driven synthesis framework, as the algorithm cur-575

rently utilizes the specific reasoning chains gener-576

ated during synthesis as the primary source of pro-577

cess signals. While this might appear to restrict the578

scalability of LONGPAS to datasets where explicit579

ground-truth reasoning paths are available , we ar-580

gue that the core contribution of LONGPAS lies in581

its generalizable mechanism for Process Advantage582

Shaping. Specifically, the method provides a ro-583

bust framework for effectively leveraging any form584

of auxiliary supervision—whether they are KG-585

derived reasoning chains or standard reasoning tra-586

jectories distilled from teacher LLMs—to stabilize587

long-context RL training. By transforming these588

signals into fine-grained credit assignment, LONG-589

PAS addresses the fundamental "almost-there" bot-590

tleneck in a way that aligns with contemporary591

efforts (Deng et al., 2025; Zhu et al., 2025b) to592

integrate SFT-level supervision into the RL stage.593

Thus, rather than being a restricted implementa-594

tion, our approach offers a novel and versatile per-595

spective on mitigating reward sparsity in complex,596

long-context scenarios.597

Sophistication of the Reward Model Our cur-598

rent implementation uses a hybrid reward function599

that combines simple rule-based checks with an600

LLM-as-a-judge to balance precision and recall.601

This works well for tasks with clear correctness cri-602

teria, such as factoid multi-hop questions, but may603

be less effective for open-ended or subjective tasks 604

where correctness is multifaceted. A promising di- 605

rection is to develop more advanced, rubric-based 606

LLM reward models that score responses along di- 607

mensions such as logical rigor, citation accuracy, 608

and coherence, enabling our framework to better 609

handle complex, agentic scenarios. 610
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A Synthetic Data Details831

A.1 Dataset Statistics832

During data collection, we strictly precluded any833

overlap between the crawled documents and the834

test set to prevent data contamination. During the835

multi-hop QA synthesis pipeline in Section 4.2, we836

employ KGGen (Mo et al., 2025) to extract entities837

and triplets from plain texts. We sample reasoning838

paths from 2 to 30 hops to control the question839

difficulties. In "Question Generation" stage , we840

employ Gemini2.5-Pro (Deepmind, 2025) as the841

generator and Deepseek-V3-0528 (Liu et al., 2024)842

as the verifier to filter out questions with false an-843

swers. As a result, we construct the raw DEEPREA-844

SONQA dataset containing 14,577 QA samples845

with documents up to 288K tokens in length. Be-846

fore RL training, we filter out trivial and unsolvable847

questions. For each question, we run 8 full-context848

rollouts with Qwen3-4B-Thinking and retain only849

those with an empirical success rate in [0.25,0.75],850

resulting in 2,012 QA samples with documents up851

to 60K tokens.852

Table 4 presents the detailed data statistics for853

DEEPREASONQA, providing detailed information854

on the Raw Synthesis Dataset and the Filtered RL855

Training Dataset for better understanding. Figure 6856

displays the distribution of QA categories in raw857

DEEPREASONQA. For readability, only categories858

with the top 40 frequency are displayed. In Fig-859

ure 7, we show the word cloud of questions in raw860

DEEPREASONQA.861

Furthermore, we summarize the data distribution862

of DEEPREASONQA in Figure 8. Figure 8a illus-863

trates the token-length distribution of our training864

samples, which spans from 20K to 60K. Figure 8b865

shows the hop-number distribution, revealing that866

questions produced by our KG-based QA synthesis867

framework are highly challenging, with reasoning868

hops ranging widely from 2 to 30.869

A.2 Detailed Quality Control Pipeline870

Ideally, the constructed long-context multi-hop871

QAs should be well-grounded in supporting docu-872

ments, with concise answer and high-quality rea-873

soning paths. Thus, we applied a four-stage filter-874

ing pipeline to ensure the final DEEPREASONQA875

is of high quality:876

Answer Alignment Check: During question877

generation, we use Gemini-2.5-Pro (Deepmind,878

2025) to produce QA pairs based on task-specific879

prompts, documents, and reasoning paths. 880

DeepSeek-V3-2508 (Liu et al., 2024) is then 881

used to answer the generated questions, and 882

GPT-OSS-120B (Agarwal et al., 2025) serves as 883

a verifier to assess whether the two answers are 884

consistent. Samples with misaligned answers are 885

removed. 886

Knowledge Grounding Check: To reduce the 887

potential bias from internal inherent knowledge, 888

we temporarily remove the source documents and 889

check whether the model can still answer correctly. 890

Samples that remain answerable without the doc- 891

uments are filtered out to ensure the dataset gen- 892

uinely tests contextual reasoning. 893

Complex Answer Filtering: QA pairs whose 894

answers exceed 20 words are discarded, as overly 895

complex answers are unstable and difficult to verify 896

reliably. 897

Contextual Robustness Check: We augment 898

each context with irrelevant documents and 899

re-evaluate the model’s answer. Samples whose an- 900

swer accuracy (pass@k) drops to zero are removed, 901

ensuring that each question–answer pair is robust 902

rather than brittle under context perturbations. 903

A.3 Rationale behind the taxonomy of 904

reasoning paradigms 905

We identify that high-reasoning-density questions 906

necessitate the ability to synthesize deep and 907

widely scattered contextual information for long- 908

range reasoning. To this end, we categorize deep 909

reasoning in long-context scenarios into following 910

distinct paradigms: 911

• In-depth Reasoning: It includes Multi-hop 912

Reasoning and Causal Analysis, which fo- 913

cus on tracking intricate logical chains across 914

massive contexts to identify non-obvious de- 915

pendencies and root causes. 916

• Temporal Reasoning: It requires aggregating 917

discrete quantitative data spread throughout 918

the text to perform precise calculations and 919

model dynamic shifts over time. 920

• Hypothetical Scenario: It evaluates the abil- 921

ity of counterfactual reasoning by mapping 922

existing logic onto new, speculative frame- 923

works. 924
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Figure 6: Category Distribution of DEEPREASONQA

Figure 7: Question Word Cloud of DEEPREASONQA

Property Number

Raw Synthesis Dataset
# of Topic Categories 158
# of Total QA Pairs 14,577
# of Multi-hop Reasoning Question 4,415
# of Temporal Reasoning Question 4,345
# of Hypothetical Scenarios Question 3,137
# of Causal Analysis Question 2,680
# of Average Hop Number 8.78
# of Minimum Token Number 10,137
# of Maximum Token Number 288,515
# of Average Token Number 44,703

Filtered RL Training Dataset
# of Total QA Pairs 2,012
# of Multi-hop Reasoning Question 447
# of Temporal Reasoning Question 572
# of Hypothetical Scenarios Question 508
# of Causal Analysis Question 485
# of Average Hop Number 8.78
# of Minimum Token Number 20,000
# of Maximum Token Number 59,888
# of Average Token Number 35,876

Table 4: Data Statistics of DEEPREASONQA
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Figure 8: Distributions of token length (a) and hop numbers (b) in DEEPREASONQA. Texts are tokenized by
Qwen3-4B-2507 tokenizer.

B More Experimental Details925

Benchmark Details In our experiments, we eval-926

uate the long-context capabilities of our model and927

baselines on several widely-used benchmarks:928

• FRAMES (Krishna et al., 2025): FRAMES is929

a comprehensive evaluation dataset designed930

to test the capabilities of LLMs across fac-931

tuality, retrieval accuracy, and reasoning. It932

contains 824 complex, multi-hop reasoning933

questions related to a diverse set of topics934

from Wikipedia, involving subjects such as 935

history, sports, science, animals, health, etc. 936

Each question is labeled based on five reason- 937

ing types (i.e, Numerical Reasoning, Tabular 938

Reasoning, Multiple Constraints, Temporal 939

Reasoning, and Post-Processing), which re- 940

quires 2-15 Wikipedia articles to answer. To 941

align with our long-context setting, we equip 942

each question with corresponding wikipedia 943

pages to minimize the effect of information 944

13



retrieval.945

• LongBench V2 (Bai et al., 2025): LongBench946

V2 is a benchmark designed to evaluate LLMs’947

ability to tackle long-context tasks that re-948

quire deep comprehension and multi-step rea-949

soning across real-world scenarios. It com-950

prises 503 challenging multiple-choice ques-951

tions with context lengths ranging from 8K to952

2M words, covering six key task categories:953

single-document QA, multi-document QA,954

long in-context learning, long-dialogue under-955

standing, code repository comprehension, and956

long structured-data understanding.957

• Multi-Hop QA (Bai et al., 2024b): Multi-958

Hop QA consist of three subsets in-959

cluding 2WikiMultiHopQA (Ho et al.,960

2020), HotpotQA (Yang et al., 2018)961

and MusiQue (Trivedi et al., 2022) that962

are adopted from LongBench (Bai et al.,963

2024b). HotpotQA, 2WikiMultiHopQA, and964

MuSiQue are constructed among wikipedia965

or wikidata, via different multi-hop mining966

strategies with crowd-sourcing. They cover967

3-5 hop questions with corresponding docu-968

ments.969

Implementation Details During Process Advan-970

tage Shaping in Section 4.3, we adopt GPT-OSS-971

120B as the LLM-as-Judge for answer evaluator972

and provide Validity signals in Process Advantage973

Estimation. We use Qwen3-8B-Embedding to cal-974

culate semantic similarity between trajectory steps.975

For Thinking models, since their outputs contain976

"thinking trajectories" enclosed by "<think>" and977

"</think>" tokens, we assign the average advan-978

tage of the "response" part uniformly to each token979

within this thinking segment.980

SFT Configurations To construct the SFT981

dataset, we adopt DEEPREASONQA (2k QA pairs)982

and employ DeepSeek-V3-0528 and DeepSeek-R1-983

0528 to generate teacher trajectories under the guid-984

ance of ground-truth reasoning chains, for the In-985

struct model and Thinking model respectively. We986

filter out samples with incorrect final answers and987

retain 1,536 instances. The input length in the SFT988

stage is set to 60K. Training is conducted for 4989

epochs with a batch size of 256 and a learning rate990

of 1e-5.991

Evaluation Configurations For all LLM back-992

bones, we conduct evaluation under a 128K con-993

text window. Specifically, LLaMA3.1-8B-Instruct 994

and Qwen2.5-7B-Instruct (with YaRN enabled) are 995

evaluated with a maximum input length of 120K 996

and an output limit of 10K. For all frontier mod- 997

els and the Qwen3 series, the input length is also 998

set to 120K, with output limits of 10K for Instruct 999

models and 30K for reasoning models. For each 1000

question, we generate N = 4 candidate responses 1001

and report the average score (Pass@1) in our main 1002

experiments, as well as Pass@k for test-time scal- 1003

ing analyses. The Pass@k metric provides an un- 1004

biased estimate of the probability that at least one 1005

of the k sampled responses is correct, given n can- 1006

didate solutions per problem. For multiple-choice 1007

tasks, we report standard accuracy. For open-end 1008

multi-hop QA tasks, we use the Hybrid Reward 1009

mentioned in Section 4.3 and use GPT-OSS-120B 1010

as LLM-as-a-judge (Zheng et al., 2023) to evaluate 1011

semantic equivalence between a model’s prediction 1012

and the ground-truth answer. 1013

Training Prompt We list the training prompt 1014

template we used during training in Prompt 1. 1015

LLM-as-judge Prompt We list the prompts of 1016

LLM-as-Judge (1) when used as Outcome Reward 1017

Model to judge whether predicted answer is aligned 1018

with ground-truth answer (Prompt 2); (2) when 1019

used as Sub-step Validity Signal to judge whether a 1020

sub-step in rollout trajectories aligns with the nec- 1021

essary entities and reasoning logic of the reference 1022

trajectory (Prompt 3). 1023

C Further Analysis 1024

C.1 Performance at Increasing Reasoning 1025

Depth 1026

To further investigate the effectiveness of our pro- 1027

posed LONGPAS in different long-context rea- 1028

soning difficulties, we categorize questions in 1029

FRAMES benchmark into three groups—Low 1030

(≤3), Medium (4–6), and High (≥7)—and report 1031

the performance of LONGPAS on different rea- 1032

soning depths. As shown in Figure 9, across all 1033

settings, both RLVR and LONGPAS improve sub- 1034

stantially over the vanilla models; however, the 1035

advantage of LONGPAS becomes particularly pro- 1036

nounced as the reasoning complexity increases. For 1037

Qwen3-4B, while the vanilla model’s performance 1038

drops markedly from 47.2% on low-hop questions 1039

to 36.8% on high-hop ones, LONGPAS maintains 1040

a much stronger performance, achieving 56.2% on 1041

high-complexity questions—an improvement of 1042
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Prompt 1: System Prompt during Training

You are a helpful assistant. Please read the provided text and answer the question below. Please
structure your response into two main sections: Thought and Solution. In the Thought section,
detail your reasoning process using the specified format: <begin_of_thought> thought with steps
start with ‘Step N:’ <end_of_thought> Each step should include detailed considerations such as
analyzing questions, summarizing relevant findings, brainstorming new ideas, verifying the accu-
racy of the current steps, refining any errors, and revisiting previous steps. In the Solution section,
based on various attempts, explorations, and reflections from the Thought section, systematically
present the final solution that you deem correct. The solution should remain a logical, accurate, con-
cise expression style and detail necessary step needed to reach the conclusion, formatted as follows:
<begin_of_solution> Therefore, the answer is {insert answer here} <end_of_solution>.

Prompt 2: Prompt for LLM-as-Judge as Reward Model

You are an expert in verifying if two answers are the same.
Your input is a problem and two answers, Answer 1 and Answer 2. You need to check if they are
equivalent.
Your task is to determine if two answers are equivalent, without attempting to solve the original
problem.
Compare the answers to verify they represent identical values or meaning, even when written in
different forms or notations.

Your output must follow the following format:
1) Provide an explanation for why the answers are equivalent or not.
2) Then provide your final answer in the form of: [[YES]] or [[NO]]

Problem: {question}
Answer 1: {predicted answer}
Answer 2: {golden answer}

nearly 20 percentage points over the baseline. This1043

gain is larger than that of RLVR (52.1%), indicating1044

that LONGPAS is especially effective at stabilizing1045

and enhancing the model’s ability to handle long1046

reasoning chains.1047

C.2 Generalization on Longer Context1048

Window1049

1050

Although LONGPAS is trained on a 60K in-1051

put context window, we observe a strong gener-1052

alization capacity to much longer contexts. As1053

shown in Table 5, LONGPAS achieve the strongest1054

gains in the 16K–64K range—closest to the 60K1055

training length. Notably, this improvement re-1056

mains substantial even beyond 64K context win-1057

dow, while other baselines degrade sharply: LONG-1058

PAS lifts LLaMA3.1-8B-Instruct from 34.62 to1059

48.08 and Qwen3-4B-Instruct from 51.92 to 57.69 1060

on FRAMES with >64K input contexts. Upon 1061

questions with more than 128K contexts in Long- 1062

bench V2, they achieve impressive absolute gains 1063

of +4.63% and +6.48%, respectively. Meanwhile, 1064

LONGPAS exhibits strong performance on shorter 1065

input contexts (<16K). These results show that 1066

LONGPAS not only attains optimal performance 1067

at its trained context length but also generalizes ro- 1068

bustly to longer contexts, particularly on complex 1069

multi-hop reasoning tasks. 1070

C.3 Ablation on Training Data Length 1071

We investigate the impact of training data length 1072

on the performance of LONGPAS. Specifically, 1073

we train Qwen3-4B with varying maximum input 1074

lengths—20K, 40K, and 60K tokens—aligned with 1075

different context window sizes. As shown in Fig- 1076
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Prompt 3: Prompt for LLM-as-Judge as Sub-step Validity Signal

You are an expert in analyzing reasoning traces. Your task is to determine if a "given reasoning
substep from a model’s output" is contained or reflected within the "Ground Truth reasoning
solution".

In your assessment, you must strictly adhere to the following special rules:
1. Ignore Step Order: You need to check if the logical content or core reasoning expressed by the
substep is covered by the Ground Truth path, regardless of its position in either path.
2. Accept Varied Granularity: Differences in reasoning granularity are allowed. If the model
substep is a logical combination (merger) of multiple steps in the Ground Truth, or if it is only a
part (subset) of a single Ground Truth step, it should still be considered a match, as long as its core
logic is clearly included or reflected in the Ground Truth path.

Specifically, you should check:
1. Does the substep text or its semantic equivalent appear in the Ground Truth solution?
2. Is the substep’s core logic or reasoning step reflected or contained within the Ground Truth
solution?
3. Does the substep represent a logical component that exists within the Ground Truth reasoning
process?

You are checking if the substep EXISTS in the Ground Truth, not if it’s correct or necessary for
solving the problem.
Provide your final answer in the form of:
[[YES]] or [[NO]]

Ground Truth Reasoning Solution: {ground truth}
Reasoning Substep to Check: {substep}
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Figure 9: Performance of LONGPAS on FRAMES with different hop numbers. Questions are categorized into three
complexities according to hop numbers: Low (≤3), Medium (4-6) and High (≥7).

ure 10, the performance of the LONGPAS model,1077

across both Qwen3-4B-Instruct and Qwen3-4B-1078

Thinking variants, exhibits a monotonic increase1079

with the expansion of the maximum input length1080

during training, utilizing 20K, 40K, and 60K token1081

context windows. This observation underscores1082

the critical role of long-sequence training in im- 1083

proving the model’s long-context grounding and 1084

reasoning. Specifically, the FRAMES and Multi- 1085

Hop QA tasks register the most substantial perfor- 1086

mance gains. This indicates that training with ex- 1087

tended context windows significantly enhances the 1088
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Models FRAMES LongBench V2

0-16K 16K-32K 32K-64K >64K Short Medium Long

LLaMA3.1-8B-Instruct 41.25 43.60 41.18 34.62 31.67 27.21 23.15
- RLVR 57.34 55.69 52.35 34.62 34.31 25.93 25.46
- LONGPAS 60.62 60.57 62.65 48.08 34.86 26.16 27.78

Qwen3-4B-Instruct 47.60 45.93 44.12 51.92 44.44 34.30 31.25
- RLVR 59.48 63.72 62.35 53.85 47.36 37.21 36.81
- LONGPAS 63.39 67.68 66.47 57.69 53.47 36.74 37.73

Qwen3-4B-Thinking 60.18 60.37 66.76 55.77 47.64 35.35 35.42
- RLVR 55.83 61.38 58.82 53.85 50.00 35.81 39.81
- LONGPAS 63.12 67.38 66.47 63.46 52.08 36.05 38.43

Table 5: Overall Pass@1 performance on long-context QA benchmarks. The top scores of each backbone LLM
are bolded. Data in LongBench V2 is divided into three groups: Short (<32K), Medium (32K-128K), and Long
(>128K).
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Figure 10: Performance of LONGPAS trained on different context windows (20K, 40K & 60K).

model’s capability for complex information ground-1089

ing and long-range dependency modeling, which1090

are prerequisites for multi-step reasoning. While1091

performance gains on LongBench V2 benchmark1092

are less pronounced, the consistent positive cor-1093

relation confirms that greater exposure to longer1094

contexts during training systematically elevates the1095

model’s overall proficiency across diverse long-1096

context tasks.1097

C.4 Analysis on the Quality of GT Reasoning1098

Chains1099

During the Long-Context QA Synthesis stage, we1100

obtain multi-hop QA pairs together with their cor-1101

responding multi-hop reasoning chains. In this sec-1102

tion, we validate the profound impact of providing1103

explicit Ground Truth reasoning chains on solv-1104

ing high-difficulty multi-hop QA problems, which1105

were previously unsolvable even after 8 rollouts1106

(Pass@8 = 0). Figure 11 clearly shows that the 1107

GT-guided prompts enabled LLMs to solve up to 1108

69.4% of these hard samples, confirming the ef- 1109

fectiveness of this "step-level supervision" in long- 1110

text reasoning. Specifically, the combination of GT 1111

reasoning chains on Thinking model gains greater 1112

improvement, achieving a Pass@1 success rate of 1113

43.9% and reducing the total failure rate to 30.6%. 1114

This demonstrates that the explicit reasoning chains 1115

effectively improve LLMs’ answer accuracy on 1116

long-context multi-hop reasoning tasks, even on 1117

extremely hard questions, allowing the LLM to ef- 1118

fectively trace the complex, multi-hop logic that 1119

connects the question to the reference answer. 1120

C.5 Observation of "almost-there" 1121

phenomenon on training datasets 1122

In Section 4.1, we analyzed the commonly ob- 1123

served "almost-there" phenomenon during RL 1124
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Figure 11: Pass@K performance of Qwen3-4B models on hard samples using GT-guided prompts. For each
question in DEEPREASONQA, we generate 8 rollouts and retain only those samples for which all predictions are
incorrect (accuracy = 0).

training, where trajectories are largely correct but1125

fail at the end due to a minor error. In this sec-1126

tion, we further examine whether a similar Entity1127

& Triplet coverage trend appears on DEEPREA-1128

SONQA. As shown in Figure 12, both Entity Cover-1129

age and Triplet Coverage tend to increase as group1130

accuracy improves. Moreover, the coverage scores1131

peak and stay above the overall average when the1132

Group Positive Ratio is around 50–75%. This fur-1133

ther demonstrates that LLMs achieve stronger in-1134

formation grounding but still fail at the subsequent1135

combination and reasoning stage, underscoring the1136

necessity of handling such "almost-there" cases1137

during RL training.1138

C.6 Training Dynamics of Thinking Model1139

We further analyze the step-by-step training dy-1140

namics of Qwen3-4B-Thinking model to further1141

understand the training behaviors of LONGPAS on1142

Thinking model. As shown in Figure 13,1143

C.7 Entity Coverage Dynamics1144

To further investigate the mechanism of LONGPAS1145

in mitigating the common wrong credit assignment1146

confronting "almost-there" samples, we analyze1147

the dynamics comparison between average Entity1148

Coverage Ratio and FRAMES Accuracy during1149

training period. As shown in Figure 14, although1150

both methods start at the same level, LONGPAS1151

quickly establishes and consistently maintains a1152

clear advantage in the Average Entity Coverage Ra- 1153

tio. Its coverage curve stabilizes at a higher range 1154

around 0.60, notably above GRPO’s curve, which 1155

oscillates around 0.56. This indicates that LONG- 1156

PAS is more effective at grounding its reasoning in 1157

essential contextual information. Moreover, LONG- 1158

PAS attains a consistently higher peak in FRAMES 1159

accuracy compared with GRPO, demonstrating that 1160

its step-level advantage shaping yields more pre- 1161

cise credit assignment across the reasoning process, 1162

ultimately resulting in superior overall task perfor- 1163

mance. 1164

C.8 Test Time Scaling 1165

Prior studies have shown that with a limited number 1166

of rollouts, models often struggle to solve certain 1167

tasks, whereas a sufficiently large rollout budget 1168

substantially increases the probability of sampling 1169

effective solutions. Figure 15 reports the Pass@k 1170

performance of LONGPAS under test-time scal- 1171

ing settings. The results show that LONGPAS 1172

achieves consistent gains as k increases from 1 to 8. 1173

Notably, LONGPAS also attains a higher Pass@1 1174

score than Vanilla-GRPO, highlighting its effective- 1175

ness in boosting LLMs to produce precise reason- 1176

ing processes for complex long-context multi-hop 1177

tasks during RL training. 1178
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Figure 12: Entity Coverage (a) and Triplet Coverage (b) distribution between negative rollouts and ground-truth
reasoning chains on DEEPREASONQA during training stage. Distributions are calculated according to average
score in each group.
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Figure 13: Training dynamics of LONGPAS on Qwen3-4B-Thinking model compared with baseline algorithms.
Left: Generation Entropy; Middle: Response Length; Right: Training Reward.
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C.9 Detailed Results on LongBench V21179

We report the detailed results on each sub-task of1180

LongBench V2 in Table 6 to better illustrate the1181

effectiveness of LONGPAS.1182

C.10 Case Study 1183

To illustrate the qualitative differences in reason- 1184

ing, we present a comparative case study using 1185

trajectories generated by Qwen3-4B-Thinking and 1186

LONGPAS for the same question. 1187

As shown in the examples below, the task in- 1188

volves multi-hop fact retrieval and date-based quan- 1189

titative reasoning. The model must extract three 1190

pieces of information from different parts of the 1191

documents: (i) the person after whom the ship was 1192

named, (ii) the year the ship sank, and (iii) the 1193

birth and death years of that person, and then per- 1194

form logical comparison and arithmetic calcula- 1195

tion. The reasoning trajectory of LONGPAS ex- 1196

hibits more advanced critical reasoning and tem- 1197

poral logic, covering stages such as Information 1198

Grounding, Information Extraction, Strategy Ad- 1199

justment, Temporal Calculation, Self-Correction, 1200

and Answer Confirmation. 1201

Comparing the two reasoning trajectories, we 1202

observe a shift from "simple pattern matching and 1203

computation" to "logical reasoning based on state 1204

judgment". The reasoning trajectory of LONGPAS 1205
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Figure 15: Test Time Scaling Performance (Pass@k) on four multi-hop reasoning benchmarks. The number of
generations k varies from 1 to 8.

exhibits several richer reasoning patterns: (1) Ex-1206

haustive Evidence Retrieval: It performs more1207

detailed and systematic information grounding, ac-1208

tively scanning and cross-checking relevant spans1209

instead of relying on superficial matches; (2) Con-1210

straint Consciousness: It shows a stronger aware-1211

ness of task boundaries and constraints through-1212

out the thinking process; (3) Robust Verification1213

Loop: It adopts a more divergent validation strat-1214

egy, revisiting candidate answers, cross-validating1215

them with multiple pieces of evidence, and reject-1216

ing inconsistent hypotheses before committing to a1217

final conclusion.1218

We also observe that both models share an ini-1219

tial segment of correct reasoning steps, but the1220

vanilla model later diverges into incorrect deduc-1221

tions and calculations. This phenomenon further1222

demonstrates that LONGPAS can better learn from1223

"almost-there" samples during RL training, leading1224

to more accurate and precise reasoning.1225

D Prompts & Cases1226

D.1 QA Generation Prompts1227

During question generation in Section 4.2, we em-1228

ploy specialized prompts to synthesize questions1229

under different reasoning paradigms, including1230

Multi-hop Reasoning, Temporal Reasoning, Causal1231

Analysis and Hypothetical Scenarios. For better un-1232

derstanding, we showcase the detailed prompt used1233

for multi-hop reasoning QA generation below:1234

D.2 QA Cases of DEEPREASONQA 1235

In this section, we list the detailed cases of RL 1236

training data we constructed during Knowledge- 1237

Guided Long-Context Multi-hop QA Synthesis in 1238

Section 4.2, including Multi-hop Reasoning, Tem- 1239

poral Reasoning, Causal Analysis and Hypothetical 1240

Scenarios. 1241
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Models SingleDoc MultiDoc Code Repo Dialogue Long ICL Long SDU Overall

Frontier Models

GPT5-Nano 44.00 39.20 50.00 46.15 44.44 45.45 43.74
Gemini-2.5-Flash-Thinking 51.43 55.20 58.00 66.67 72.84 37.50 56.77
GPT-OSS-120B 44.57 43.20 53.06 61.54 46.91 48.48 47.01
GPT-OSS-20B 38.51 40.80 56.00 61.54 39.74 46.88 43.37

Instruct Models

LLaMA3.1-8B-Instruct 28.86 26.20 27.00 32.05 26.23 30.30 27.93
- RLVR 31.86 29.20 29.00 32.69 23.46 21.21 28.93
- LONGPAS 30.14 29.80 32.00 34.62 27.16 22.73 29.62

Qwen2.5-7B-Instruct 36.71 28.20 32.00 35.90 36.42 30.30 33.60
- RLVR 34.43 29.00 30.00 40.38 25.31 25.00 31.01
- LONGPAS 39.57 28.40 29.50 31.41 35.49 27.27 33.70

Qwen3-4B-Instruct 36.00 30.60 36.50 60.26 41.67 32.58 37.28
- RLVR 39.14 37.00 49.50 60.90 43.21 40.91 42.10
- LONGPAS 38.14 40.60 48.00 63.46 45.37 39.39 42.94

Qwen3-30B-A3B-Instruct 42.43 38.40 52.00 62.82 47.53 37.21 44.43
- RLVR 50.29 50.40 42.00 56.41 43.21 36.36 47.91
- LONGPAS 46.29 42.40 56.00 71.79 53.09 42.42 49.11

Reasoning Models

Qwen3-4B-Thinking 37.00 35.60 41.50 60.26 44.44 42.42 40.46
- RLVR 37.14 40.80 46.00 66.67 41.98 33.33 41.75
- LONGPAS 40.29 40.00 43.00 62.82 40.43 40.91 42.30

Qwen3-30B-A3B-Thinking 44.00 44.00 46.00 64.10 55.56 54.55 48.31
- RLVR 40.00 46.40 50.00 51.28 49.38 33.33 44.53
- LONGPAS 47.43 54.40 60.00 76.492 58.02 45.45 54.27

Table 6: Overall performance of models on LongBench V2 benchmark. RLVR is implemented with GRPO (Shao
et al., 2024). Results are reported using the Avg@4 metric. The top scores for each backbone LLM are bolded.
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Case Trajectory on FRAMES with LongPAS-4B-Thinking (Part 1)

Question: If the man that the SS Edmund Fitzgerald was named after was living at the time of the
ship’s sinking, how old was he? If he was already deceased, how long had he been dead? You may
just use the year without regard for the date of birth.

Ground Truth: Edmund Fitzgerald, the man for whom the ill-fated ship SS Edmund Fitzgerald
was named was born in 1895, he was 80 years old in 1975 when she sank.

<think>
I need to answer the question about how old Edmund Fitzgerald would have been if he was alive at
the time of the ship’s sinking, or how long he had been dead if he was already deceased. The
question says I can just use the year without regard for the date of birth.

First, I need to find out who Edmund Fitzgerald was and when he was born and died. From the
text provided, I can see that the ship was named after someone named Edmund Fitzgerald.

Let me look through the text to find information about Edmund Fitzgerald (the person, not the ship).

In the "Name and launch" section, I find this information:

"Northwestern Mutual wanted to name the ship after its president and chairman of the board,
Edmund Fitzgerald. Fitzgerald’s own grandfather and all great uncles had themselves been lake
captains, and his father owned the Milwaukee Drydock Company, which built and repaired ships.
Fitzgerald had attempted to dissuade the naming of the ship after himself, proposing the names
Centennial, Seaway, Milwaukee and Northwestern. The board was resolute, and Edmund abstained
from voting; the 36 board members voted unanimously to name her the SS Edmund Fitzgerald."

This tells me that Edmund Fitzgerald was the president and chairman of the board of Northwestern
Mutual Life Insurance Company. He was the person after whom the ship was named.

I need to find out his birth and death dates. The text doesn’t explicitly state his birth and death
dates. I might need to use external knowledge, but since this is a reading comprehension task, I
should stick to the information provided in the text.

Let me search the entire text for any mention of Edmund Fitzgerald’s age or death.

[Following thinking texts abbreviated]
</think>
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Case Trajectory on FRAMES with LongPAS-4B-Thinking (Part 2)

<begin_of_thought>
Step 1: I need to identify who the SS Edmund Fitzgerald was named after. The ques-
tion asks about "the man that the SS Edmund Fitzgerald was named after." From the
provided text, in the "Name and launch" section, it states: "Northwestern Mutual wanted
to name the ship after its president and chairman of the board, Edmund Fitzgerald."
This confirms that the ship was named after Edmund Fitzgerald, who was the president and
chairman of the board of Northwestern Mutual Life Insurance Company.

Step 2: The next step is to determine if this Edmund Fitzgerald was alive at the time of the ship’s
sinking (November 10, 1975) and, if so, his age or how long he had been dead. The question
specifies that I can use just the year without regard for the date of birth, so I need to find his birth
and death years from the text. I carefully scanned the entire provided text for any mentions of
Edmund Fitzgerald’s personal details, including age or lifespan.

Step 3: In the "See also" section of the text, I found relevant information: "Edmund B.
Fitzgerald (1926–2013), American businessman, and son of the namesake (1895–1986) of the
ship." This clearly states that the namesake (the person the ship was named after) was born in 1895
and died in 1986. The phrase "namesake (1895–1986)" directly indicates the birth and death years
of the individual after whom the ship was named. This is the key information needed to answer the
question, as it provides the exact years without ambiguity.

Step 4: Now I need to verify if Edmund Fitzgerald (the namesake) was alive during the ship’s
sinking in 1975. Since he died in 1986, he was definitely alive in 1975 (as 1975 is before 1986).
The question asks for his age if he was living at the time of sinking. Using the year-based
calculation (as instructed to ignore dates of birth), I subtract his birth year from the sinking year:
1975 - 1895 = 80. The text specifies to use the year without regard for the date of birth, so I don’t
need to consider whether his birthday had occurred in 1975—this simplifies the calculation to 80
years old.

Step 5: I double-checked for any potential errors or alternative interpretations. The text confirms
Edmund Fitzgerald was alive in 1958 (when the ship was launched, as he was involved in the
naming process), and since he died in 1986, he was alive during the 1975 sinking. No other parts
of the text mention his age or death date, so the "See also" section is the only reliable source here.
The calculation 1975 - 1895 = 80 is straightforward and aligns with the question’s instruction to
use years only. There are no contradictions in the text, so this is accurate.
<end_of_thought>
<begin_of_solution>
Therefore, the answer is 80.
<end_of_solution>
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Case Trajectory on FRAMES with vanilla Qwen3-4B-Thinking-2507 (Part 1)

Question: If the man that the SS Edmund Fitzgerald was named after was living at the time of the
ship’s sinking, how old was he? If he was already deceased, how long had he been dead? You may
just use the year without regard for the date of birth.

Ground Truth: Edmund Fitzgerald, the man for whom the ill-fated ship SS Edmund Fitzgerald
was named was born in 1895, he was 80 years old in 1975 when she sank.

<think>
Let me carefully analyze the text to find information about Edmund Fitzgerald (the person after
whom the ship was named) and his age or death date.

From the provided text, I can find this relevant information in the "Name and launch" section:

"Northwestern Mutual wanted to name the ship after its president and chairman of the board,
Edmund Fitzgerald. Fitzgerald’s own grandfather and all great uncles had themselves been lake
captains, and his father owned the Milwaukee Drydock Company, which built and repaired ships.
Fitzgerald had attempted to dissuade the naming of the ship after himself, proposing the names
Centennial, Seaway, Milwaukee and Northwestern. The board was resolute, and Edmund abstained
from voting; the 36 board members voted unanimously to name her the SS Edmund Fitzgerald."

This tells me that Edmund Fitzgerald was the president and chairman of the board of Northwestern
Mutual, and the ship was named after him.

I need to find out when Edmund Fitzgerald died (or if he was alive at the time of the sinking).

Let me look for information about Edmund Fitzgerald’s death in the text.

I see a note at the end of the text that says: "Edmund Fitzgerald may also refer to:"

And it lists several people with the same name:

- "The Wreck of the Edmund Fitzgerald", a 1976 song about the shipwreck, by Gordon Lightfoot
- Edmund Fitzgerald Fredericks (1874/75–1935), Guyanese lawyer and Pan-African activist
- Edmund B. Fitzgerald (1926–2013), American businessman, and son of the namesake (1895–1986)
of the ship
- The Edmund Fitzgerald (band), a UK math rock group

[Following thinking texts abbreviated]
</think>

24



Case Trajectory on FRAMES with vanilla Qwen3-4B-Thinking-2507 (Part 2)

<begin_of_thought>
Step 1: I need to identify who the SS Edmund Fitzgerald was named after and determine if he was
alive at the time of the sinking (November 10, 1975) or had already died.

Step 2: From the text, I find that "Northwestern Mutual wanted to name the ship after its president
and chairman of the board, Edmund Fitzgerald." This confirms that the ship was named after a
man named Edmund Fitzgerald who was the president and chairman of the board of Northwestern
Mutual.

Step 3: I need to find information about when this Edmund Fitzgerald died. Looking at the
end of the text, I see a section that says: "Edmund B. Fitzgerald (1926–2013), American
businessman, and son of the namesake (1895–1986) of the ship". This indicates that the ship’s
namesake (the man the ship was named after) was Edmund Fitzgerald who lived from 1895 to 1986.

Step 4: The ship sank on November 10, 1975. Since the ship’s namesake died in 1986,
he had already been dead for 1986 - 1975 = 11 years by the time of the sinking. [Wrongly de-
duce the conclusion that one is "Dead."]

Step 5: I verify that the note specifically states "the namesake (1895–1986) of the
ship," which means the ship’s namesake was Edmund Fitzgerald who died in 1986.
There is no indication in the text that this person was alive at the time of the sinking. [Unsuc-
cessful self-correction.]

Step 6: The question asks "If the man that the SS Edmund Fitzgerald was named after was
living at the time of the ship’s sinking, how old was he? If he was already deceased, how long
had he been dead?" Since the man was deceased (died in 1986), and the ship sank in 1975,
he had been dead for 11 years. [Miscalculation of years of death.]

Step 7: I confirm that the question says "You may just use the year without regard for the date of
birth," so I don’t need to calculate exact months or days. The calculation of 1986 - 1975 = 11 years
is sufficient.
<end_of_thought>
<begin_of_solution>
Therefore, the answer is 11 years.
<end_of_solution>

25



Example of Multi-hop Reasoning QA Generation Prompt

TASK: As a specialist in complex problem design, you will be provided with {k_context}
Wikipedia articles and a set of "Multi-hop Reasoning Paths" derived from a knowledge graph.
Your goal is to generate one challenging factoid "Multihop Reasoning" question that meets the
following criteria.

Your design principles are to maximize reasoning steps, maximize information lookup dependen-
cies, and minimize direct clues while ensuring uniqueness and verifiability of the answer.

1. Core Requirements

* Standalone & Context-Independent: Questions must not reference "Article 1," "Article 2," etc.
They should be fully understandable without any additional context.
* Unambiguous & Verifiable Answer: The question should have a single, clear, and factual answer.
* Chain-of-Thought Reasoning: The question must be structured to force a rigorous, step-by-step
reasoning process. Each logical step must build upon the previous one, following the provided
multi-hop reasoning path.

2. Advanced Reasoning Requirements

* Multi-hop Reasoning via Knowledge Graph Paths: Each question must be constructed by tracing
and combining information along the provided multi-hop reasoning path. The path acts as a logical
blueprint, connecting entities and concepts from different articles. It’s important to note that the
path may only involve a subset of the {k_context} articles.
* Multi-hop Reasoning Path Format: (Subject 1)-[Relation 1]-(Subject 2)-[Relation 2]-(Subject
3)-[Relation 3]-(Subject 4)...
* Generate a problem that requires reasoning through multiple entities and relationships. The
problem should call for starting from one entity, reaching another through multiple chains of
relationships, and analyzing the significance of this connection.

3. Output Format

For QA pair, follow this exact format:
[[Question]]:
[[Answer]]:
[[Explanation]]: Clearly explain the reasoning process. For each step, bullet point the specific
piece of information (including the number/fact and the article it came from) used from the
Wikipedia articles to formulate the question and its answer.

[N In-context documents and reasoning paths demonstrations abbreviated]
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Case of KG-guided Synthesis: Multi-hop Reasoning

Question:
What European capital served as the city of exile for the head of a six-generation publishing house,
a central figure in a Los Angeles Times award-winning debut novel, who shares the narrative
with a Canadian academic? This academic’s research focus on nostalgia and subsequent mental
decline thematically links to the professional specialization of a comatose doctor from a canonical
comic book. This comic’s narrative begins in the same year that a future ’Savior’ in a fantasy
television series, then a homeless youth in a Midwestern U.S. state, was inspired by reading ’The
Ugly Duckling’ to choose her surname.

Answer: Vienna.

Reasoning Chain:
(Emily Oliver)-[dismisses]-(Nádja)-[is a close friend of]-(John Price)-[is the protagonist of]-
(Prague)-[deals with the history of]-(Horváth Kiadó)-[is the head of]-(Imre Horváth)-[was exiled
in]-(Vienna)

Case of KG-guided Synthesis: Hypothetical Scenario

Question:
Imagine a hypothetical scenario where a warlord from the Muromachi-Azuchi period, whose
martial philosophy was famously summarized as "being crazy to die," is tasked with analyzing
the ethical underpinnings of the celebrated story of the masterless warriors of the AkÅ Domain.
While acknowledging their loyalty, this 16th-century figure would likely find their actions to be a
departure from the more pragmatic, victory-focused ethos of his own era. Based on the historical
development of the samurai moral code, what philosophical system, which became a required
norm for samurai for the first time during the subsequent era of prolonged peace, would he identify
as the primary influence that reshaped the warrior’s way into a more refined moral and ethical
theory?

Answer: Confucianism.

Reasoning Chain:
(Chūshingura (A Treasury of Loyal Retainers))-[tells the story of]->(Forty-seven rōnin of the
Akō Domain)-[were sentenced to]->(seppuku)-[is part of]->(Bushido)-[was influenced by]-
>(Confucianism)-[is related to]->(bushido)-[is related to]->(Hagakure)-[contains sayings attributed
to]->(Nabeshima Naoshige)-[is representative figure of]->(Sengoku bushido)-[is from period]-
>(Muromachi-Azuchi (Sengoku period))
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Case of KG-guided Synthesis: Temporal Reasoning

Question:
A Polish husband-and-wife sociological team introduced an English-language term for the meta-
study of the scientific enterprise in a paper published in a year ending in 5. Exactly 11 years later,
a quarterly journal dedicated to this field, but using a more versatile one-word term, was founded
in their home country. Decades later, in a year divisible by 5, data was published indicating that a
particular social science conferred a higher percentage of its doctorates on African-Americans than
did a natural science, a field whose mathematical rigor is sometimes said to be a source of "envy"
for the "softer" sciences. What is the duration, in years, between the founding of this one-word
term quarterly journal and the publication of the Ph.D. distribution data?

Answer: 69 Year.

Reasoning Chain:
(the Ossowscy)-[introduced the term]-(Science of science)-[is also called]-(Logology)-[is the study
of]-(science)-[is mismatched with]-(economics)-[is an example of]-(softer sciences)-[overuse]-
(mathematics)-[is used in]-(social sciences)-[is a type of]-(psychology)-[has a higher proportion of
African-American Ph.D.s than]-(physics)

Case of KG-guided Synthesis: Causal Analysis

Question:
In a novel first published in German in 1937, a fatal act of revenge by a Muslim protagonist against
his Armenian rival is theorized to be a fictionalized account of the author’s own youthful romantic
frustrations. Correspondence from a town on the Amalfi Coast was instrumental in confirming the
identity of this author, who wrote under a pseudonym. In an alternate timeline where the Central
Powers triumphed in the global conflict of the 1910s, what was the resulting geopolitical stance of
the nation where this author spent his final years?

Answer: Remained neutral through the entire war.

Reasoning Chain:
(Nachararyan)-[is rival of]-(Ali)-[murders]-(Nachararyan)-[is rival for love of]-(Nino)-[was ba-
sis for]-(Zhenia Flatt)-[was teenage love interest of]-(Nussimbaum)-[was receiving income as]-
(Kurban Said)-[is identified as]-(Essad Bey)-[wrote letter in]-(Positano)-[is located in]-(Italy)-[is
neutral in]-(Great War)
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