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Abstract001

Large language models operating in dynamic002
real-world contexts often encounter knowledge003
that evolves continuously or emerges incre-004
mentally. To remain accurate and effective,005
models must adapt to newly arriving infor-006
mation on the fly. We introduce ONLINE007
ADAPTATION TO CONTINUAL KNOWLEDGE008
STREAMS (OAKS) to evaluate this capability,009
establishing a benchmark for online adaptation010
over streaming, continually updating knowl-011
edge. Specifically, each model is evaluated at012
every interval using the same set of questions,013
allowing us to assess whether it can track and014
reason over such fine-grained knowledge dy-015
namics across time. To support this setting,016
we present two datasets: OAKS-BABI and017
OAKS-Novel, where individual facts evolve018
multiple times across context chunks. These019
datasets include dense annotations to measure020
whether models track changes accurately. Eval-021
uating 14 models with varied inference ap-022
proaches, we observe significant limitations023
in current methodologies. Both state-of-the-024
art models and agentic memory systems fail to025
adapt robustly on OAKS, demonstrating delays026
in state-tracking and susceptibility to distrac-027
tion within streaming environments.1028

1 Introduction029

In real-world settings, knowledge is inherently dy-030

namic, evolving continuously and emerging incre-031

mentally. Consequently, LLM-based systems op-032

erating as conversational assistants or embodied033

agents must adapt to information that changes se-034

quentially over time on the fly (Yu et al., 2025; Kim035

et al., 2024b; Zheng et al., 2025b). For example,036

assistants receive user context gradually during dia-037

logue (Maharana et al., 2024; Wu et al., 2025), and038

robots encounter new properties of their environ-039

ments during exploration (Majumder et al., 2023;040

Kim et al., 2024a). If the information updates are041

1We will open-source the code and datasets.

not integrated in real time, model predictions risk 042

becoming outdated or even unsafe. However, cur- 043

rent benchmarks primarily target static knowledge 044

or offline tasks, failing to adequately evaluate on- 045

line adaptation in dynamic settings. 046

To fill this void, we introduce ONLINE 047

ADAPTATION TO CONTINUAL KNOWLEDGE 048

STREAMS (OAKS), a benchmark designed to 049

evaluate models in an online adaptation setting 050

over streaming, continually updating knowledge.2 051

OAKS synthesizes continual knowledge learn- 052

ing (Liska et al., 2022; Jang et al., 2022) and on- 053

line adaptation (Lin et al., 2024; Hu et al., 2023); 054

facts arrive sequentially and may supersede or con- 055

tradict prior information, necessitating that mod- 056

els dynamically revise their knowledge state. Dis- 057

tinct from prior work, OAKS evaluates whether 058

models can track factual updates, maintain consis- 059

tency, and generalize when reasoning over long- 060

horizon streams characterized by frequent, fine- 061

grained state changes. To the best of our knowl- 062

edge, OAKS is the first benchmark to unify these 063

two paradigms, supporting both large-scale fine- 064

grained knowledge adaptation and stepwise online 065

evaluation over streaming knowledge. 066

To evaluate models on OAKS, we introduce new 067

datasets: OAKS-BABI (OAKS-B), a synthetic 068

dataset derived from the BABILong benchmark 069

(Kuratov et al., 2024), and OAKS-Novel (OAKS- 070

N), a human-curated dataset sourced from literary 071

texts. As shown in Figure 1, the datasets consist of 072

multiple context chunks ct, where facts evolve dy- 073

namically over time intervals t. For each question, 074

we annotate answers at each time interval based on 075

all knowledge accumulated up to that point, cap- 076

turing answer transitions triggered by new infor- 077

mation. This setup explicitly evaluates a model’s 078

2Streaming refers to a dataset characteristic where facts
arrive sequentially over time. Online adaptation refers to an
inference setting in which a model adapts to the most up-to-
date information on the fly.
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Accuracy
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... ...

...

c1 c2 c3 c4 c14 c28 c29 c30
Interval  t

c3 (...) (...)  “I wonder. How many are there? Ten?” “Yes” 

c1 In the corner of (...)

c15 (...) (...) “There’s only eight, sir!” 

c24 (...) (...) His eye lingered on the seven little figures. 
c25 (...) (...) There were only six figures in the middle of the table. 

c28 (...) (...) Beside it was a smashed figure-a sixth broken solder boy. 
c29 (...) (...) five figures on the table.

..
..

..
..

Figure 1: Overview of ONLINE ADAPTATION TO CONTINUAL KNOWLEDGE STREAMS. At each time interval
t, a new context chunk ct is streamed, and the model is queried with context accumulated up to t and a question
qj . Performance is calculated as average accuracy across all intervals by comparing predictions with the ground
truth answer at, then averaging over all questions. A Phase Ti denotes a contiguous set of chunks sharing the same
ground truth answers. Answer options are limited to OAKS-N, as OAKS-B uses an open-ended format.

ability to track when and how answers change in079

an online setting. During evaluation, the model is080

asked the same set of questions at each interval,081

with access to the context up to that point (e.g.,082

chunks c1 to c29 when evaluating at interval 29,083

as shown in the figure). Performance is measured084

by interval-level accuracy, reflecting whether the085

model maintains the correct state at each specific086

moment in time.087

We conduct an extensive analysis of 14 state-of-088

the-art models on OAKS-B and OAKS-N, includ-089

ing strong closed-sourced model Gemini 3 (Google,090

2025) and various sizes of Qwen3 (Yang et al.,091

2025), utilizing diverse strategies for construct-092

ing accumulated context. Our results show that093

models struggle with OAKS, achieving an aver-094

age accuracy of 39.4% on OAKS-B and 57.5%095

on OAKS-N. We find that models particularly de-096

grade with frequently updating knowledge, with097

accuracies dropping to 33.3% on OAKS-B and098

53.0% on OAKS-N. While inference-time scal-099

ing enhances performance on complex reasoning100

tasks, its gains are limited when tracking states101

that undergo frequent updates. Across a range of102

context construction strategies, including agentic103

memory systems, naive retrieval augmented gen-104

eration (RAG), and recency-based approaches, we105

observe that OAKS remains challenging across106

all settings. Among these methods, RAG tends to107

show robust performance, whereas agentic memory108

approaches outperform simple RAG when frequent109

knowledge updates exist.110

Leveraging the online nature of OAKS, which111

queries the same question at multiple points within112

a streaming context, we conduct a fine-grained anal- 113

ysis of models’ knowledge tracking behavior. We 114

find that activating “thinking mode” enhances both 115

adaptability and stability, leading to higher overall 116

accuracy. However, distinct failure modes emerge 117

across different models: some tend to over-update, 118

changing predictions unnecessarily, while others 119

under-update, displaying inertia even when the un- 120

derlying state shifts. Our intra-phase analysis fur- 121

ther reveals that even when models achieve com- 122

parable accuracy, the underlying causes of error 123

diverge based on their state-transition behaviors: 124

over-updating models tend to capture the correct 125

phase but suffer from frequent distractions within 126

it, whereas under-updating models are prone to 127

missing entire phases. Finally, we observe that 128

performance degrades on questions requiring rea- 129

soning over multiple context chunks and at later 130

time intervals as context length increases. 131

2 Related Work 132

Continual Knowledge Learning and State 133

Tracking Benchmarks Real-world knowledge 134

is dynamic, motivating benchmarks that evaluate 135

language models under settings where knowledge 136

evolves continually (Kim et al., 2024d; Jang et al., 137

2022; Liska et al., 2022). However, existing bench- 138

marks typically involve a small number of knowl- 139

edge updates or focus on divergent fact updates 140

rather than the same underlying fact. Our work 141

addresses this by tracking fine-grained continual 142

updates. OAKS is also related to state-tracking 143

benchmarks, which study how models maintain 144

and update evolving states (Kim and Schuster, 145
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Dataset Unit #Steps U/Q Fully Annot.

EvolvingQA Corpus 6+ 2.0 ✗

StreamingQA Corpus 4 2.0 ✗

StreamingBench Frame 5 1.0 ✗

FactTrack Fact 39 2.0 ✗

MultiWOZ Turn 14 1.0 ✓

BABILong Full 1 1.0 ✗

OAKS-B Chunk 65 4.7 ✓

OAKS-N Chunk 78 4.7 ✓

Table 1: Comparison between our dataset with prior
datasets along four axes: Unit = size of each data unit,
#Steps = number of evaluation steps, U/Q = average
number of updates (U) per question (Q), Fully Anno-
tated (Fully Annot.) = whether all questions are anno-
tated for each unit.

2023; Niu et al., 2024). While prior work focuses146

on short-term, structured states such as dialogue147

slots (Budzianowski et al., 2018; Lee et al., 2019),148

OAKS instead focuses on open-ended knowledge149

states over long horizons, evaluating whether mod-150

els can maintain temporal consistency over a con-151

tinuous stream of updates in an online setting.3152

Online Adaptation to Streaming Inputs Prior153

research on online or lifelong learning in language154

has focused on self-evolving, lifelong agents that155

acquire new capabilities or task-level skills over156

time (Zheng et al., 2025a; Wei et al., 2025), or on157

tracking synthetic facts with limited update com-158

plexity (Wu et al., 2023; Lyu et al., 2025). In159

contrast, we focus on fine-grained knowledge up-160

dates, a setting where minor failures can easily161

compound into significant errors over time. In-162

spired by real-time understanding frameworks in163

the video domain (Lin et al., 2024; Niu et al., 2025),164

we introduce OAKS to explicitly evaluate realistic165

streaming knowledge updates at the granularity of166

individual facts in an online setting.167

3 ONLINE ADAPTATION TO CONTINUAL168

KNOWLEDGE STREAMS169

In this paper, we present ONLINE ADAPTATION TO170

CONTINUAL KNOWLEDGE STREAMS (OAKS), a171

benchmark that simulates real-world scenarios in172

which language models encounter streaming knowl-173

edge and must adapt to incrementally revealed up-174

dates online. In Section 3.1, we introduce new175

datasets, and in Section 3.2, we describe the evalu-176

ation setup and metric.177

3Due to length constraint, full list of related works is in
Appendix A

3.1 Dataset 178

To evaluate model performance on OAKS, we 179

present two datasets: OAKS-BABI (OAKS-B), 180

derived from the BABILong benchmark (Kura- 181

tov et al., 2024), and OAKS-Novel (OAKS-N), 182

sourced from full-length literary novels. Both 183

datasets feature sequential context chunks contain- 184

ing knowledge updates, with questions explicitly 185

curated to target facts that evolve over time. For- 186

mally, each data consists of a set of Q questions 187

{qj}Qj=1 and an ordered sequence of C context 188

chunks {ci}Ci=1. At each time interval t, a new 189

chunk ct (spanning 2k tokens) is revealed. For each 190

question qj , we provide a ground-truth answer aj,t 191

and supporting evidence ej,t, representing the valid 192

knowledge state conditioned on the cumulative his- 193

tory {ci}ti=1. 194

As detailed in Table 1, unlike prior continual 195

knowledge benchmarks such as EvolvingQA (Kim 196

et al., 2024d) and StreamingQA (Liska et al., 2022), 197

our dataset is composed of granular context incre- 198

ments distributed over a large number of time steps. 199

This structure, coupled with questions that track 200

multiple state transitions, enables stepwise online 201

evaluation. Furthermore, compared to general on- 202

line adaptation (StreamingBench (Lin et al., 2024)) 203

or fact-tracking benchmarks (FactTrack (Lyu et al., 204

2025), MultiWOZ (Budzianowski et al., 2018)), 205

we focus specifically on the evolution of semantic 206

knowledge, facilitating a more fine-grained assess- 207

ment of knowledge adaptation capabilities. Since 208

each question targets a different aspect of knowl- 209

edge from the context, the timing and frequency of 210

phase transitions vary across questions. To evaluate 211

model robustness under varying degrees of change, 212

we stratify the dataset into three subsets, Sparse, 213

Moderate, Frequent, based on the frequency of an- 214

swer changes for each question. 215

Additional details on dataset construction, filter- 216

ing, human annotation, refinement, and statistics 217

on OAKS-B and OAKS-N can be found in Ap- 218

pendix B.1. 219

OAKS-B OAKS-B repurposes context from BA- 220

BILong (Kuratov et al., 2024), shifting the focus 221

from static fact retrieval to dynamic knowledge 222

tracking and reasoning. To achieve this, we re- 223

formulated the dataset in two ways: (1) generated 224

new questions that focus on state changes, ensur- 225

ing that answers vary depending on the part of the 226

context being considered and require synthesizing 227

or reasoning over multiple facts; (2) annotated an- 228
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swers at every time interval explicitly tracking how229

facts evolve over the stream. The resulting dataset230

includes four question types: tracking, counting,231

bridge, and comparison. Tracking questions focus232

on understanding frequent fact updates; counting,233

bridge, and comparison questions require aggre-234

gation and reasoning over multiple chunks. The235

dataset contains 1.2k questions in total, a context236

length of 128k tokens (65 chunks), and an average237

of 4.7 answer changes per question.238

OAKS-N OAKS-N leverage full-length novels239

to provide contexts with natural narratives, rich240

storylines, dynamically interacting characters, and241

complex, concurrent plotlines. For each of the242

39 novels included, we generated an initial set of243

question candidates using Gemini 2.5 Pro (Gemini244

Team et al., 2025), which were subsequently rigor-245

ously curated by human experts to ensure quality246

and consistency. We recruited experienced free-247

lancers familiar with the books, investing a total of248

$17.4k to validate answers and supporting evidence249

at each interval. These annotators also refined or250

replaced low-quality questions, generated missing251

answer options, and removed ambiguous answer252

options, resulting in a final dataset filtered down to253

55% of the initial question pool.254

The final dataset contains 870 multiple-choice255

questions (avg. 5.5 options) in total, with an av-256

erage book length of 150.6k tokens (77.6 chunks,257

ranging from 26 to 286), and an average of 4.7258

answer changes per question.259

3.2 Evaluation Setup and Metric260

Setup As illustrated in Figure 1, we evaluate261

models over a sequence of time-interval chunks.262

At each interval, the model is asked the same set of263

questions based on all the context observed so far,264

testing its ability to update, incorporate, or retain265

knowledge on the fly as new information arrives.266

Formally, at interval t, a model M observes the set267

of chunks up to t, St = {ci}ti=1, and for each ques-268

tion qj ∈ Q predicts an answer pj,t = M(qj ,St).4269

Metric We evaluate model performance using270

interval-level accuracy. At each interval, we com-271

pare the model’s prediction with the current ground-272

truth answer, assigning a score of 1 for a match and273

0 otherwise. These scores are averaged across in-274

tervals to obtain a question-level accuracy, which275

4Our dataset includes sentence-level evidence annotation
for each answer, but this would be computationally heavy
setup; we therefore use 2k token chunks as the evaluation unit.

is subsequently averaged over the entire dataset 276

to compute the final benchmark score. Evalua- 277

tion criteria and formal definition of metric in Ap- 278

pendix B.2. 279

4 Experimental Setup 280

In this section, we share details of the models, con- 281

text representation, and inference setup. Additional 282

details in Appendix C. 283

Base Models We evaluate 14 LLMs across open- 284

source and proprietary families and a wide range 285

of scales. We primarily use the Qwen family (Yang 286

et al., 2025, 2024) as the baseline to utilize its 287

multiple sizes (Qwen3-(4B, 8B, 235B), Qwen3- 288

Next-80B, Qwen3-30B (+Thinking), and Qwen2.5- 289

7B), and include comparable open-source models 290

such as GPT-OSS (Agarwal et al., 2025) (20B, 291

120B), and Gemma 3 (Team et al., 2025) (4B, 27B). 292

For proprietary models, we focus on Gemini 2.5 293

(Flash, Pro) (Gemini Team et al., 2025), and Gem- 294

ini 3 (Google, 2025). Unless noted, all models but 295

Gemini are non-thinking versions. 296

Context Representations (Base, RAG, Agentic 297

Memory Systems) For a Base setting, we con- 298

catenate all preceding chunks up to the current in- 299

terval t, truncating older chunks when the model’s 300

context limit is exceeded.5 For RAG, we use 301

Qwen3-Embedding-0.6B (Zhang et al., 2025) as a 302

retrieval model. Retrieval is restricted to chunks 303

from previous time intervals. Unless otherwise 304

specified, we retrieve the top 30 most relevant 305

memory chunks. For agentic memory systems, we 306

evaluate HippoRAG-V2 (Gutiérrez et al., 2025), 307

MemAgent (Yu et al., 2025), and A-Mem (Xu et al., 308

2025b), which maintain and update memory incre- 309

mentally up to the current time interval. 310

Inference Setup Experiments were mostly con- 311

ducted with 8 A100 80G GPUs using vLLM (Kwon 312

et al., 2023). We use the same setup of temperature 313

0.7, TopP 0.8, TopK 20, and MinP 0, if not stated 314

otherwise, as the best practice. 315

5 Evaluation Result 316

5.1 Overall results 317

In this section, we analyze key findings from Ta- 318

ble 2, summarizing the overall performance of the 319

evaluated models on OAKS-B and OAKS-N. 320
5For Qwen3-235B, we cap the context to 131k tokens due

to GPU memory constraints despite its nominal 1M token
capacity.
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OAKS-BABI OAKS-Novel

Base RAG Base RAG

Model Size Active All Sprs. Mod. Freq. All Sprs. Mod. Freq. All Sprs. Mod. Freq. All Sprs. Mod. Freq.

Qwen3

4B - 26.4 34.4 23.1 18.5 29.3 37.2 25.9 21.6 51.3 59.1 49.7 47.9 55.8 68.1 56.0 48.3
8B - 33.1 36.8 34.0 25.8 35.1 39.9 34.5 28.4 52.7 62.5 51.7 47.6 47.7 60.0 47.8 40.4
30B 3B 35.8 38.5 37.3 29.4 37.8 40.1 39.2 32.0 62.8 71.2 63.7 57.1 61.0 68.9 63.0 54.9
80B 3B 41.1 44.7 42.0 34.1 43.5 47.4 44.2 36.2 64.6 74.5 63.3 59.9 65.3 74.4 65.3 59.9

235B 22B 46.8 48.4 49.8 40.0 44.7 46.4 46.8 39.0 64.7 73.4 64.9 59.4 66.0 74.7 66.5 60.6

Qwen2.5 7B - 24.7 27.3 23.6 22.4 32.4 35.5 32.5 27.5 33.9 41.2 32.9 30.6 40.2 49.6 41.0 34.2

GPT-OSS
20B 3.6B 22.4 21.9 23.8 21.3 22.2 22.2 22.9 21.2 45.3 54.3 45.4 39.9 44.2 54.7 44.3 38.1

120B 5.1B 37.5 40.5 38.4 31.6 33.7 35.9 33.9 29.8 54.6 62.8 53.6 50.6 54.6 65.4 54.3 48.6

Gemma 3
4B - 24.2 22.9 26.3 23.3 25.2 24.9 26.5 23.7 38.0 41.8 40.1 34.1 35.2 39.4 38.1 30.5
27B - 37.8 40.2 40.0 30.9 38.6 42.8 39.3 30.9 61.2 70.1 60.5 56.6 56.0 67.3 57.5 48.3

Gemini 2.5
Flash - 56.2 58.3 58.6 49.3 56.6 60.3 58.4 47.9 65.6 75.2 65.6 60.0 64.5 74.2 64.3 59.0
Pro - 60.3 64.6 62.1 50.9 62.2 67.2 63.3 52.9 76.7 83.7 76.4 72.9 75.8 82.2 75.4 72.4

Gemini 3 Pro - 66.3 70.3 69.3 55.6 51.3 51.0 55.5 45.8 75.5 80.3 75.3 73.0 74.0 79.9 74.0 70.6

Table 2: Accuracy (%) of models on OAKS-B and OAKS-N under Base and RAG settings. Gemini results
are reported with the thinking mode enabled. Active denotes the number of active parameters in Mixture-of-
Experts (MoE) models. Sprs., Mod., and Freq. denote Sparse, Moderate, and Frequent transition subsets; All is
averaged over all subsets. The highest score within each column is in bold.

OAKS is difficult across various models The321

results indicate that OAKS task remains challeng-322

ing, with substantial room for improvement across323

all evaluated systems. The average accuracy is324

33.0% on OAKS-B and 52.9% on OAKS-N for325

open-sourced models; 60.9% on OAKS-B and326

72.6% on OAKS-N for closed-sourced models.327

Even for the strongest closed-source model, Gem-328

ini 3 Pro, performance reaches only 66.3% on329

OAKS-B and 75.5% on OAKS-N.330

Performance tends to improve with a larger, bet-331

ter base model Overall, performance generally332

scales with model size within the same model fam-333

ily. Among models of comparable size, the Qwen3334

family achieves higher accuracy than alternatives.335

Further, comparing Qwen2.5 and Qwen3 shows336

that a stronger base model consistently leads to337

better performance. Proprietary models like Gem-338

ini also tend to consistently exhibit higher perfor-339

mance than open-source models. MoE models per-340

form comparably to fully dense models of similar341

scale, even with a small number of active parame-342

ters (e.g., Qwen3 30B vs. Gemma 3 27B).343

Questions with many transitions are difficult344

When comparing Sparse, Moderate, and Frequent345

subsets, which are defined by the number of an-346

swer changes for each question, we observe that the347

Frequent set, which contains questions with many348

transitions, poses greater challenges for timely up-349

dates. On OAKS-B, performance decreases from 350

42.2% for Sparse questions to 40.6% for Moderate 351

and 33.3% for Frequent; on OAKS-N, the cor- 352

responding values are 65.4%, 57.2%, and 53.0% 353

on average. We hypothesize that this degradation 354

arises because frequent answer changes lead to 355

more dynamic knowledge states, requiring models 356

to repeatedly update multiple facts while retaining 357

previously valid information, which exacerbates 358

both tracking and retention difficulties. 359

Naive RAG shows limited effectiveness in 360

OAKS When comparing RAG with the Base set- 361

ting, we observe different patterns across the mod- 362

els and datasets, but modest drop in performance 363

on average: an improvement of 0.4% on Sparse 364

but a performance drop of 0.04% on Moderate and 365

0.8% on Frequent subsets. This suggests that a sim- 366

ple RAG approach is insufficient for OAKS, par- 367

ticularly in the Frequent subset, where knowledge 368

evolves dynamically, and multiple interrelated facts 369

are distributed across overlapping context chunks. 370

We identify two main challenges: (1) retrieval itself 371

becomes difficult when many semantically related 372

chunks exist and questions often require reason- 373

ing over multiple chunks (Press et al., 2023; Shao 374

et al., 2025); and (2) even with successful retrieval, 375

prior work shows that models are sensitive to in- 376

put context and often struggle to effectively process 377

complex or irrelevant contexts, which can rather de- 378

grade performance (Lee et al., 2025b; Mallen et al., 379
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Model Think All Tracking Counting Bridge Comparison

Qwen3-30B
- 35.8 27.1 34.8 24.6 48.3
✓ 43.6 43.8 37.7 37.3 53.9

Gemini 2.5
Flash

- 43.2 54.4 42.6 30.0 53.1
✓ 56.2 58.7 53.9 42.4 69.6

Gemini 2.5
Pro

- 42.9 52.4 45.8 29.8 50.2
✓ 60.3 55.3 57.5 51.0 71.7

Table 3: Accuracy (%) of Qwen3-30B and Gemini 2.5
on OAKS-B by question type with and without thinking
mode (Think). Best in bold.

2023). Thus, we further analyzed more advanced380

context representation strategies in Section 5.3. Re-381

trieval performance in Appendix D.2.382

5.2 Thinking improves performance,383

especially on complex reasoning questions384

Inference-time scaling with additional intermedi-385

ate thinking processes (Wei et al., 2022; OpenAI386

et al., 2024; Kojima et al., 2022; DeepSeek-AI387

et al., 2025) consistently improves performance on388

OAKS. Table 3 compares models with and without389

thinking mode for Qwen3-30B and Gemini 2.5. In390

OAKS-B, most question types other than tracking391

type require reasoning over multiple pieces of evi-392

dence distributed across non-contiguous chunks.393

Enabling thinking mode leads to consistent im-394

provements in overall accuracy, where the most pro-395

nounced improvements are observed in bridge-type396

questions (15.4%). Bridge questions are inherently397

more challenging as they necessitate multi-hop rea-398

soning, integrating multiple factual sentences while399

simultaneously tracking various states within the400

context. In contrast, counting-type questions re-401

quire tracking only a single state with high pre-402

cision; thus, the performance gain is relatively403

marginal (8.0%). These results suggest that the404

internal reasoning process of the thinking mode405

offers the most substantial benefit when task com-406

plexity is high, particularly requiring the simulta-407

neous tracking of multiple independent states.408

5.3 OAKS is difficult for even agentic409

memory systems410

Table 4 shows the performance of agentic memory411

systems built on Qwen2.5-7B-Instruct6 in OAKS-412

B. Overall, agentic memory methods underperform413

naive RAG in aggregated accuracy. However, on414

the Moderate and Frequent subsets, they show com-415

6We chose Qwen2.5-7B-Instruct as MemAgent was trained
on top of it.

Strategy All Sprs. Mod. Freq.

Base 24.7 27.3 23.6 22.4
RAG (30) 32.4 35.5 32.5 27.5
RW (30) 27.6 29.7 26.9 25.5
RAG (15) + R.W (15) 31.5 34.0 31.8 27.2

HippoRAG2 20.8 19.5 23.9 18.5
MemAgent 31.3 30.7 33.6 29.1
A-Mem 30.3 30.6 33.3 25.6

Table 4: Accuracy (%) of agentic memory system using
Qwen2.5-7B instruct as base model on OAKS-B. The
number in parentheses represents the number chunks
prepended by each method. Best in bold.

petitive or improved performance, with MemAgent 416

achieving the best results. This is likely due to 417

MemAgent’s interval-based memory tracking train- 418

ing objective, which aligns with our evaluation set- 419

ting that requires continual tracking of dynamic 420

knowledge. Nonetheless, its performance remains 421

limited because training is based on static question 422

types with rewards computed only after processing 423

all chunks, rather than at each interval. These re- 424

sults highlight OAKS as a challenging benchmark 425

even for such agentic memory systems due to its 426

frequent, fine-grained knowledge updates. More 427

analysis in Appendix D.2. 428

6 Analysis 429

In this section, we present a detailed analysis of 430

models’ behavior on OAKS. We focus primarily 431

on OAKS-B to control for models’ prior knowl- 432

edge (Appendix D.3) with Qwen3-30B unless oth- 433

erwise specified. Appendix E provides additional 434

analyses on OAKS-N, models’ evidence reason- 435

ing, and the correlation between OAKS and long- 436

context understanding ability. 437

6.1 Fine-grained analysis of predicted 438

knowledge transition behavior 439

To analyze how models track evolving factual 440

knowledge, we categorize their behavior under two 441

ground truth (GT) scenarios: GT Phase Transitions 442

and No GT Transition, where the phase changes 443

or stays, respectively.7 Table 5 shows the average 444

frequency of different behavioral patterns across 445

all intervals. Model’s predicted transition behavior 446

is defined by two factors: (1) whether the model’s 447

predicted answer Changes or Stays relative to the 448

previous prediction, and (2) whether the resulting 449

7Since Stay intervals are prevalent (94% of all intervals),
rates are averaged within each GT scenarios to sum to 100%.
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GT Phase Transitions (Change) No GT Transition (Stay)

Models Size Think
Adaptability

(C / ✓)
Maladaptation

(C / ✗)
Prescience

(S / ✓)
Stubbornness

(S / ✗)
Lag

(C / ✓)
Volatility

(C / ✗)
Stability

(S / ✓)
Obstinacy

(S / ✗)

Gemma 3 27B - 31.6 28.6 11.9 27.9 12.2 27.0 25.2 35.6

GPT-OSS 120B - 39.1 40.8 5.5 14.6 12.8 46.5 24.2 16.5

Qwen3 30B
- 34.3 33.6 9.7 22.4 8.9 36.7 26.3 28.1
✓ 39.6 34.6 7.7 18.2 13.0 37.7 30.4 18.9

Gemini 2.5 Flash
- 36.3 17.0 17.2 29.5 7.5 16.9 35.0 40.7
✓ 47.5 23.8 15.0 13.7 12.4 27.5 43.3 16.8

Avg 38.1 29.7 11.2 21.1 11.1 32.1 30.7 26.1

Table 5: Analysis of knowledge tracking behavior on OAKS-B. The table shows the average occurrence rate of spe-
cific tracking behaviors across all time intervals. The second row shows the behavioral types (e.g., Maladaptation)
along with the model’s predicted action (whether predicted answer Change or Stay from previous prediction) and
the resulting prediction correctness (correct: ✓ vs. incorrect: ✗).

answer is correct (✓) or incorrect (✗). For descrip-450

tive purposes, we map these combinations to spe-451

cific behavioral archetypes (e.g., Adaptability).452

We provide a schematic illustration of these be-453

haviors, full results, and additional analysis in Ap-454

pendix E.1.455

Enabling explicit thinking alters transition be-456

havior Across both Qwen3 and Gemini 2.5,457

enabling “thinking mode” consistently shifts458

model behavior. Non-thinking variants exhibit a459

higher rate of Prescience, Stubbornness, and460

Obstinacy, indicating that it tends to retain previ-461

ous answers even when an update is required. In462

contrast, thinking-enabled models show a higher463

rate of Adaptability and Stability, suggesting464

explicit reasoning improves both transition timing465

and answer correctness.466

Different models exhibit distinct transition be-467

havior Comparison over different non-thinking468

models shows a distinct behavior in how often they469

change predictions. GPT-OSS and Qwen3 exhibit a470

higher overall change rate (C, avg 63.2%) than stay471

rate (S, avg. 36.8%). In contrast, Gemini 2.5 and472

Gemma 3 exhibit a higher stay rate (S, avg. 55.8%)473

compared to the change rate (C, avg 44.2%). This474

is also reflected in their dominant error modes:475

Volatility and Obstinacy, respectively. These476

results suggest model-specific biases toward either477

over-updating or under-updating knowledge.478

Models often detect true transitions but fre-479

quently make unnecessary updates We ana-480

lyzed which behavior is dominant under each481

GT scenarios. Under GT Phase Transitions,482

Adaptability is the most frequent behavior483

Model Size Think ACC AL(↓) DS(↓) PM(↓)

Gemma 3 27B - 37.8 5.4 26.5 30.3

GPT-OSS 120B - 37.5 8.6 38.8 15.1

Qwen3 30B
- 35.8 6.9 34.0 23.2
✓ 43.6 9.0 37.0 10.4

Gemini 2.5 Flash
- 43.2 6.2 28.3 22.3
✓ 56.2 5.1 31.8 7.0

Table 6: Analysis of intra-phase behavior (ACC, AL,
DS, PM) on OAKS-B over models. Best in bold.

(38.1%), indicating that models often detect true 484

transitions. In contrast, No GT Transition is domi- 485

nated by Volatility (32.1%), showing that mod- 486

els frequently update even when the underlying fact 487

remains unchanged. This suggests that models tend 488

to be sensitive to true knowledge updates but also 489

prone to unnecessary changes, likely due to inter- 490

ference from surrounding contextual information. 491

6.2 Intra-phase analysis shows trade-off 492

between phase capture and stability 493

To evaluate the models’ intra-phase behavior at 494

finer granularity, we categorize error intervals into 495

three cases and score separately: Acquisition La- 496

tency (AL), Distraction Susceptibility (DS), and 497

Phase Miss rate (PM). AL quantifies the delay be- 498

tween a ground-truth state transition and the first 499

correct prediction; DS measures the frequency of 500

incorrect predictions after an initial correct predic- 501

tion within a phase; PM denotes phases in which 502

the model gets all wrong. Same as Accuracy, all 503

metrics are normalized by the total number of in- 504

tervals per question and averaged across questions. 505

Table 6 presents a comparative analysis of met- 506
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Figure 2: Accuracy (%) across different question types
of OAKS-B.

rics across representative models with similar ac-507

curacy. Although Gemma 3 and GPT-OSS achieve508

comparable performance, Gemma 3 exhibits a sub-509

stantially higher PM rate, indicating failure to510

capture some phase entirely, whereas GPT-OSS,511

with high volatility, successfully captures each512

phase at least once, resulting in lower PM but513

higher AL and DS. Comparing the thinking vs.514

non-thinking model of Qwen3-30B and Gemini515

2.5 Flash, we find that accuracy gains are primarily516

driven by the models’ improved ability to capture517

ground-truth states at least once per phase, as re-518

flected by substantially reduced PM rate. However,519

higher DS of the thinking model implies that con-520

textual distraction, where the model loses track521

of a previously identified state as the input length522

increases, remains a persistent challenge.523

6.3 Failure modes vary across question types524

in OAKS-B525

Figure 2 analyzes model performance across526

OAKS-B question types with varying reasoning de-527

mands and number of chunks to attend to. Bridge528

questions require simultaneous tracking and up-529

dating of multiple states, resulting in the highest530

DS due to increased interference from monitoring531

multiple entries. Comparison questions remain rel-532

atively high performance, likely not because they533

are easier, but because the candidate answers are534

embedded inside the question, similar to multi-535

ple choice questions, reducing the search space.536

Tracking-type questions, even though involving537

only a single piece of evidence, remain challenging538

with the highest PM rate, due to its frequent state539

transitions (8.8 vs. 3.7-5.7 in other types). Collec-540

tively, these results indicate that different question541

types induce distinct failure modes in streaming542

contexts, many of which stem from difficulties in543

0 20 40 60 80 100
Rate of Progress (%)

0

20

40

60

80

100

Ac
cu

ra
cy
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)

OAKS-N
OAKS-B
OAKS-B counting

OAKS-B tracking
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OAKS-B comparison

Figure 3: Accuracy (%) across the timestep where the
question is asked.

fine-grained fact tracking. 544

6.4 Accuracy degrades at later intervals 545

Figure 3 shows that average accuracy at each in- 546

terval degrades at later intervals. This degradation 547

is more pronounced in OAKS-B, where the sup- 548

porting evidence typically appears only once; if 549

the model fails to capture it when it first appears, 550

the error persists and accumulates in subsequent 551

intervals. Within OAKS-B, bridge and tracking 552

questions exhibit the largest degradation, as they 553

are more vulnerable to missed evidence and com- 554

pounded errors over time. In contrast, OAKS-N 555

show more stable performance, likely because rele- 556

vant information is often revisited across intervals, 557

partially mitigating error accumulation. 558

7 Conclusion 559

In this paper, we introduce ONLINE ADAP- 560

TATION TO CONTINUAL KNOWLEDGE 561

STREAMS (OAKS), a benchmark for evalu- 562

ating language models in the setting of online 563

adaptation to streaming, continually evolving 564

knowledge. We present two datasets, OAKS- 565

BABI and OAKS-Novel, which contain context 566

incrementally revealed in small chunks over long 567

sequences and fixed questions each with answers 568

annotated for every interval to track evolving 569

facts. Experiments on 14 models with varying 570

inference strategies show that the task remains 571

challenging even for state-of-the-art models and 572

agentic memory systems, especially under frequent 573

knowledge updates and in later intervals. We 574

further find that models are easily distracted by 575

surrounding contextual information and often lose 576

track of previously identified states during the 577

adaptation. 578
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Limitations579

Evaluation on OAKS entails extensive inference580

due to the incrementally accumulating nature of the581

context. While we have included 14 representative582

models in this study, due to limited computational583

costs and API expenses, we could not further test584

on broader range of architectures. Future work585

could extend this benchmark to a more diverse set586

of models to further generalize our findings.587

Exploring even more complex natural texts with588

more frequent or complex fact transitions would589

further enable analysis of scalability and error ac-590

cumulation. Also, datasets with contexts that are591

free from the model’s parametric knowledge priors592

would provide a clearer lens on online adaptation593

behavior.594

Our current analysis focuses on inference-time595

adaptation via incremental context accumulation.596

However, OAKS also serves as a valuable testbed597

for parametric online learning, and future work598

could explore how models update their internal599

weights to assimilate evolving knowledge.600

References601

Sandhini Agarwal, Lama Ahmad, Jason Ai, Sam Alt-602
man, Andy Applebaum, Edwin Arbus, Rahul K603
Arora, Yu Bai, Bowen Baker, Haiming Bao, and 1604
others. 2025. gpt-oss-120b & gpt-oss-20b model605
card. ArXiv preprint, abs/2508.10925.606

Yushi Bai, Shangqing Tu, Jiajie Zhang, Hao Peng, Xi-607
aozhi Wang, Xin Lv, Shulin Cao, Jiazheng Xu, Lei608
Hou, Yuxiao Dong, Jie Tang, and Juanzi Li. 2024.609
Longbench v2: Towards deeper understanding and610
reasoning on realistic long-context multitasks. ArXiv611
preprint, abs/2412.15204.612

Paweł Budzianowski, Tsung-Hsien Wen, Bo-Hsiang613
Tseng, Iñigo Casanueva, Stefan Ultes, Osman Ra-614
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A Extended Related Work 930

Continual Knowledge Learning and State 931

Tracking Benchmarks Real-world knowledge 932

is inherently dynamic: facts can become outdated, 933

remain invariant, or require the incorporation of 934

entirely new information. Thus, there is growing 935

interest in evaluating language models under set- 936

tings where knowledge evolves continually (Kim 937

et al., 2024d; Jang et al., 2022). However, existing 938

benchmarks typically involve a limited number of 939

knowledge updates and often expand the knowl- 940

edge with divergent facts rather than repeatedly 941

updating the same underlying fact. This makes 942

it difficult to isolate and assess a model’s ability 943

to track continual updates to identical pieces of 944

knowledge over time. Our work addresses this gap 945

by providing a fine-grained evaluation of dynamic 946

knowledge transitions at the individual fact for the 947

same question set. 948

We also draw on research in state tracking, which 949

studies how models maintain evolving states (Kim 950

and Schuster, 2023; Niu et al., 2024). It focuses on 951

temporal consistency and stepwise updates, which 952

are similar to OAKS. However, previous studies 953

typically address short-term, structured states, such 954

as dialogue slots (Budzianowski et al., 2018; Lee 955

et al., 2019), whereas OAKS focuses on open- 956

ended, continually updating knowledge states over 957

long horizons in an online setting, evaluating a 958

model’s ability to maintain temporal consistency 959

across a long-term continuous stream of informa- 960

tion without updating parameters and keeping in 961

context. 962

Online Adaptation of Streaming Inputs In real- 963

world scenarios, knowledge often arrives sequen- 964

tially over time, requiring models to continuously 965

update their internal knowledge based on streaming 966

inputs, rather than being presented in a static, of- 967

fline format where all relevant information is avail- 968

able upfront. Prior research on online learning 969

in the text domain has focused on self-evolving, 970

lifelong agents that acquire new capabilities or 971

task-level skills over time (Zheng et al., 2025a; 972

Wei et al., 2025) or synthetic facts with small up- 973

dates (Wu et al., 2023; Lyu et al., 2025). These 974

works emphasize agent competence or behavior, 975

but largely operate at the granularity of tasks rather 976

than individual pieces of knowledge. However, 977

evaluating fine-grained knowledge updates (i.e., 978

when and how specific facts change) is important, 979

as failures to incorporate small but relevant updates 980
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can propagate and accumulate into larger errors981

when such knowledge is reused or composed in982

downstream tasks. Inspired by streaming or on-983

line video benchmarks (Lin et al., 2024; Xu et al.,984

2025a), we introduce, to the best of our knowledge,985

the first benchmark in the text domain that explic-986

itly evaluates streaming knowledge updates at the987

granularity of individual facts.988

Long-Context Understanding Benchmarks989

With recent LLMs able to process increas-990

ingly long contexts, a variety of benchmarks991

have been proposed to measure long-context992

understanding. Synthetic benchmarks, e.g.,993

Needle-in-a-Haystack (Kamradt, 2023; Liu et al.,994

2024), evaluate a model’s ability to retrieve specific995

information embedded within lengthy inputs,996

where the target information is sparsely embedded997

and not strongly correlated with the surrounding998

context. Other works adopt more naturalistic or999

conversational settings. For example, long-context1000

dialogue datasets (Maharana et al., 2024; Wu1001

et al., 2025; Lee et al., 2025a; Wan and Ma, 2025)1002

require models to answer questions based on1003

extended conversations or narrative formats. There1004

are also benchmarks using long-form documents1005

or novels, where models must answer questions1006

using the full text. Moreover, agent-based bench-1007

marks (Hu et al., 2025; Wang et al., 2025) evaluate1008

long-context reasoning through interaction with1009

an external environment. Our task is similar in1010

that it also involves long contexts, but differs by1011

focusing on continually updating knowledge in an1012

online setting. To capture this, we segment the1013

long context into temporal chunks and annotate1014

answers for each question at every chunk, enabling1015

evaluation of a model’s ability to track and update1016

knowledge over time.1017

B ONLINE ADAPTATION TO CONTINUAL1018

KNOWLEDGE STREAMS1019

B.1 Dataset1020

B.1.1 Data statistics1021

Partition based on frequency of answer changes1022

per question We partition each dataset into three1023

subsets based on the frequency of answer changes1024

per question. We define the bins such that the num-1025

ber of samples in each group is approximately bal-1026

anced, while ensuring that all questions with the1027

same number of changes are assigned to the same1028

group to maintain consistency in our analysis on1029

Dataset Total Sprs. Mod. Freq.

OAKS-B 1,224 40% 25% 35%
OAKS-N 870 25% 33% 42%

Table 7: Distribution of answer change frequency across
datasets: Sparse (Sprs.), Moderate (Mod.), and Frequent
(Freq.)
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Figure 4: Frequency distribution of answer changes per
question for OAKS-B and OAKS-N.

how the number of answer changes affect on perfor- 1030

mance. The resulting distributions are in Table 7. 1031

Both of our datasets are in English. Figure 4 shows 1032

the frequency distribution of answer changes per 1033

question. 1034

For OAKS-B, the subsets correspond to 2–3, 1035

4–5, and 6–20 changes, respectively; for OAKS-N, 1036

the ranges are 2–3, 4, and 5–19 changes. 1037

Since our dataset includes sentence-level evi- 1038

dence annotation for each answer, we could per- 1039

form sentence-wise fine-grained evaluation using 1040

sentence as the data unit. However, this would 1041

be computationally expensive, as it would require 1042

running inference for every sentence. Therefore, 1043

we adopt 2k token chunks as the dataset unit for 1044

evaluation. 1045

B.1.2 OAKS-BABI 1046

BABILong OAKS-B uses a sample of context 1047

from BABILong (Kuratov et al., 2024), which 1048

builds on the bAbI benchmark (Weston et al., 2016) 1049

fact-based world state (e.g., "Mary moves from 1050

kitchen to hallway"), which is interleaved within 1051

long-form novels to evaluate retrieval and reason- 1052

ing under high distractor density. BABILong is 1053

under Apache License, Version 2.0, and the license 1054

of the dataset used when constructing BABILong 1055

is PG-19 corpora (Rae et al., 2020) under Apache 1056

2.0 License7 and bAbI dataset (Weston et al., 2016) 1057

under BSD License8. 1058
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Algorithm 1 OAKS-BABI dataset construction
Require: Narrative facts F , Question Templates P , Canonical Verb Groups V
Ensure: Dataset D = {(Question, T imeline_Answers)}

1: S ← Empty entity state dictionary
2: {1. Knowledge Extraction and State Logging}
3: for each facti in F do
4: (s, v, o, [r])← ParseSentence(facti)
5: vcanon ← Normalize(v,V)
6: S[s][vcanon]← S[s][vcanon] ∪ {(o, t)}
7: S[o][vcanon]← S[o][vcanon] ∪ {(s, t)}
8: if vcanon = VERB_P (Transfer) then
9: S[r][get]← S[r][get] ∪ {(o, s, t)}

10: end if
11: end for
12: {2. Temporal Question Synthesis}
13: D ← ∅
14: for each entity in S do
15: for each template in P do
16: Q← FillTemplate(template, entity)
17: Actions← RetrieveActions(S, entity, template)
18: T ← GenerateTimeline(Actions, length = |F|)
19: if CountChanges(T ) > 0 then
20: // Save only the ones with more than one change
21: D ← D ∪ {(Q,T )}
22: end if
23: end for
24: end for
25: return D

Dataset Construction Process We sampled 121059

examples from the original BABILong dataset (Ku-1060

ratov et al., 2024), each containing a sufficient num-1061

ber of facts (average 87) to generate questions that1062

capture knowledge transitions, with an average of1063

4.7 answer changes per question (ranging from 21064

to 20). Algorithm 1 illustrates how we construct1065

the four question types, where the question tem-1066

plates P are listed in Table 8 and the canonical verb1067

groups V ∈ {Move, Acquire, Discard, Transfer}.1068

The algorithm can be easily applied to generate1069

additional questions whenever a sufficient number1070

of transitional facts are available. To avoid poten-1071

tial confusion between the novel content and origi-1072

nal bAbI facts, we modified location and character1073

names. Texts are split into chunks of 2k tokens1074

using the GPT-NeoX tokenizer.1075

Data Statistics and Question Types of OAKS-1076

B Tracking questions focus on a single state but1077

involve frequent fact updates, experiencing 9 state1078

updates per question, while others have 4.6 on aver-1079

age. Comparison and bridge questions require rea- 1080

soning over multiple context chunks, while count- 1081

ing questions require tallying actions or occur- 1082

rences. Representative examples and the distri- 1083

bution of question types are provided in Table 9. 1084

Overall, the dataset contains a total 1.2k questions, 1085

context split into 65 chunks of 2k tokens and includ- 1086

ing 87 facts on average, and the average number of 1087

answer changes per question is 4.7. 1088

B.1.3 OAKS-Novel 1089

Book Selection We utilize novels as the founda- 1090

tional context for generating questions in OAKS- 1091

Novel, as they present multiple entities whose 1092

states evolve dynamically alongside the narrative. 1093

Moreover, literary narratives frequently incorporate 1094

flashbacks, temporal jumps, and speculative future 1095

scenarios, all of which make it difficult for models 1096

to accurately track and integrate temporal dynam- 1097

ics. The evidence for each question is subtly woven 1098

into the text, mirroring the nuanced, context-rich 1099

situations language models face in real-world use. 1100
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Category Question Template

Tracking Questions
Where is [SUB]?
Who is holding [OBJ]?
Who gave the [OBJ] to someone else?

Counting Questions

How many times has [SUB] moved to [PLACE]?
How many times has [SUB] moved?
How many people have visited [PLACE]?
How many times has [SUB] picked up [OBJ]?
How many unique objects has [SUB] picked up?
How many times has [SUB] dropped [OBJ]?
How many unique objects has [SUB] dropped?
How many total times has [OBJ] been picked up?
How many unique people have held [OBJ]?
How many total times has [OBJ] been dropped?
How many unique people have dropped [OBJ]?
How many times has [RECIPIENT] received anything from anyone?
How many different people have given something to [RECIPIENT]?
How many times has [SUB] given any object to [RECIPIENT]?

Bridge Questions

Who most recently traveled directly from [PLACE1] to [PLACE2]?
Where was [SUB1] the last time [SUB2] moved to the [PLACE]?
Where is the most recent location that [SUB] moved to after acquiring [OBJ]?
Where is the most recent location that [SUB] moved to after dropping [OBJ]?
Where is the most recent location that [SUB] acquire [OBJ]?
Where is the most recent location that [SUB] drop [OBJ]?

Comparison Questions

Has [SUB1] or [SUB2] visited more distinct places?
Which location did [SUB] visit more often, [PLACE1] or [PLACE2]?
Who picked up a greater number of distinct objects, [SUB1] or [SUB2]?
Who dropped a greater number of distinct objects, [SUB1] or [SUB2]?
Who picked up a greater number of objects, [SUB1] or [SUB2]?
Who dropped more objects, [SUB1] or [SUB2]?

Table 8: Question templates used for OAKS-B dataset construction. The slots [SUB], [OBJ], [PLACE], and
[RECIPIENT] are dynamically filled based on the entities present in the narrative facts.

To ensure a sufficient density of state transitions in1101

a story, we select novels from adventure, mystery,1102

and science-fiction genres, which are plot-driven or1103

narratively rich. Full list of the curated books and1104

the statistics of question and context are provided1105

in Table 10.1106

We used artifacts from Project Gutenburg for1107

public domain datasets, which have copyright un-1108

der Public domain in the USA. For copyright, we1109

purchase the electronic copies of books and con-1110

vert epubs to text files preserving all information1111

including front and back matter following previous1112

works using novels (Kim et al., 2024c; Chang et al.,1113

2024).1114

Dataset Construction Process After obtaining1115

raw electronic copies of the books and extracting1116

the main narrative text8, we segmented the text into1117

chunks of approximately 2,000 tokens using the1118

gpt-neox tokenizer. To preserve narrative coher-1119

8We removed non-content elements such as titles, author
names, tables of contents, and other front or back matter, as
these could interfere with model evaluation by hinting prior
knowledge acquired during pretraining.

ence, sentences separated by newline characters in 1120

the original text were kept within the same chunk 1121

whenever possible, preventing semantically related 1122

content from being split across chunks. 1123

After annotation, each question included be- 1124

tween 5 and 15 answer options (5.5 on average), 1125

comprising both correct and distracting options. 1126

By default, all questions included the option "We 1127

cannot answer this question at this point," which 1128

was intended to be selected only before the relevant 1129

information appears in the narrative. Once a valid 1130

answer option becomes available, this option never 1131

becomes an answer. The order of answer options 1132

was randomized when finalizing the dataset. 1133

Representative examples of the annotated ques- 1134

tions and answer transitions are provided in Ta- 1135

ble 11. 1136

QA draft generation Initial drafts of questions 1137

and answer options for each book were generated 1138

using Gemini 2.5 Pro (Gemini Team et al., 2025). 1139

To ensure broad coverage of the narrative and to 1140

capture diverse aspects of the story, we adopted a 1141

two-step generation procedure. First, we identified 1142
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Type Percentage Description Example

Tracking 7% Questions requiring only a single piece of
evidence.

Where is Daniel?

Counting 28% Questions requiring multiple pieces of evi-
dence and simple counting.

How many times has Sandra moved?

Bridge 30% Questions requiring multiple pieces of evi-
dence.

Who most recently traveled directly from of-
fice to kitchen?

Comparison 35% Questions requiring multiple pieces of evi-
dence and simple comparative reasoning.

Who dropped more objects, Sandra or Mary?

Table 9: Overview of Question Types, Statistics, and Examples for OAKS-BABI dataset. This table describes the
four main categories of questions found in the dataset.

Copy.
Status Title Author Cont.

Len(k)
Num. of

Cs
Num.

Qs
Avg. Num.

options

Avg. Num.
State

Trans.

Copy

And Then There Were None Agatha Christie 77 40 27 6.4 4.9
Murder on the Orient Express Agatha Christie 84 44 37 5.7 3.8
Never Let Me Go Kazuo Ishiguro 126 66 18 5.5 4.4
The Book Thief Markus Zusak 167 86 20 5.6 5.0
Flowers for Algernon Daniel Keyes 117 61 26 5.8 4.8
The Kite Runner Khaled Hosseini 149 78 23 5.3 4.4
Eragon Christopher Paolini 220 113 25 5.0 4.3
Lord of The Flies William Golding 86 45 18 5.1 4.0
Tomorrow, and Tomorrow, and Tomorrow Gabrielle Zevin 185 95 27 5.4 4.6
Magpie Murders Anthony Horowitz 197 103 21 5.1 3.3
Before I Go to Sleep S. J. Watson 146 76 17 5.3 5.5
The Plot Jean Hanff Korelitz 124 65 12 5.4 4.3
The Silent Patient Alex Michaelides 110 57 11 5.6 3.5
Dark Matter Blake Crouch 125 65 18 5.6 5.7
The Chronicles of Narnia:

The Lion, the Witch and the Wardrobe
C. S. Lewis 48 26 25 5.1 4.2

The Maze Runner James Dashner 140 73 23 5.0 4.4
1Q84 Haruki Murakami 553 286 17 5.1 4.6
Harry Potter and the Sorcerer’s Stone J. K. Rowling 115 59 23 5.5 4.0
Harry Potter and the Prisoner of Azkaban J. K. Rowling 166 85 26 5.1 3.7
Harry Potter and the Goblet of Fire J. K. Rowling 288 148 21 5.6 4.1

Public

Frankenstein; Or, The Modern Prometheus Mary Shelley 100 51 29 6.6 6.7
Pride and Prejudice Jane Austen 171 87 33 5.0 4.1
Little Women; Or, Meg, Jo, Beth, and Amy Louisa May Alcott 273 139 30 6.3 5.8
Adventures of Huckleberry Finn Mark Twain 164 83 21 6.0 4.9
Anne of Green Gables L. M. Montgomery 148 76 25 5.8 5.7
Peter Pan J. M. Barrie 68 35 23 5.1 4.2
The Scarlet Letter Nathaniel Hawthorne 100 52 21 5.1 4.1
The Adventures of Tom Sawyer, Complete Mark Twain 105 54 21 5.3 4.9
Treasure Island Robert Stevenson 98 51 19 5.8 4.9
Gulliver’s Travels into

Several Remote Nations of the World
Jonathan Swift 142 72 12 6.6 6.4

The Life and Adventures of
Robinson Crusoe

Daniel Defoe 157 80 26 5.6 5.1

Around the World in Eighty Days Jules Verne 95 49 19 7.1 6.8
The Phantom of the Opera Gaston Leroux 126 64 21 5.3 4.7
The murder of Roger Ackroyd Agatha Christie 108 56 24 5.1 4.2
A Journey to the Centre of the Earth Jules Verne 121 62 10 5.8 5.2
Oliver Twist Charles Dickens 236 119 31 5.5 4.6
Dracula Bram Stoker 217 110 26 5.9 4.6
The Picture of Dorian Gray Oscar Wilde 111 57 24 5.1 4.0
The Secret Garden Frances Burnett 111 57 20 5.1 4.3

Table 10: Dataset statistics for selected books, including metadata and annotation details. Each column represents
Copyright Status, Title, Author, Context Length, Number of Context Chunks, Number of Questions, Average
Number of Options, and Average Number of State Transitions.
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Example Question 1:
What mode of transportation are Phileas Fogg and Passepartout
currently utilizing?

Source: Around the World in Eighty Days

(A) Train from London to Paris
(B) The steamer ’Mongolia’
(C) Train from Bombay to Calcutta
(D) An elephant
(E) Train through India
(F) The steamer ’Rangoon’ to Hong Kong
(G) The question cannot be answered at this point in the story.

Chunk 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 · · ·
Answers G A A B B B B C C D D D D E E F F F F · · ·

Example Question 2:
What is Elizabeth’s opinion of Mr. Darcy?

Source: Pride and Prejudice

(A) He is proud and disagreeable.
(B) She is ashamed of her prejudice and feels respect for him.
(C) She loves him.
(D) He is a dishonest man who does not keep his word.
(E) She is offended by his perception of her.
(F) The question cannot be answered at this point in the story.

Chunk 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 · · ·
Answers F F F A A A A A A D D D D E E E A B B · · ·

Example Question 3:
What is Victor Frankenstein’s primary goal or motivation at this
point in the story?

Source: Frankenstein

(A) To learn the secrets of nature and, specifically, the principle
of life.
(B) To escape the memory and consequences of his work.
(C) To destroy the Monster as an act of vengeance.
(D) Recovering from his illness
(E) Living in regret and remorse because his creation murdered
his brother William.
(F) To create a companion for the Monster.
(G) The question cannot be answered at this point in the story.

Chunk 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 · · ·
Answers G G A A A A D D D D E E E C B B B B B · · ·

Table 11: OAKS-Novel Example Questions, Answer Choices, and Answer Evolution over Book Chunks. Note:
The Answers shown in the diagram are for demonstration purposes only and may not accurately reflect the ground
truth answers for the listed chunks.

the main entities in each novel—such as central1143

characters or key objects—by prompting the model1144

with the full text of the book (see Prompt 1). Sec-1145

ond, for each identified entity, we generated ques-1146

tions that synthesize information distributed across1147

multiple chunks of the narrative. These questions1148

were designed to either require multi-hop reason-1149

ing or track states that evolve over the course of the1150

story (see Prompt 2).1151

Reason of choosing MC While answers in1152

OAKS-B are typically stated explicitly, open-1153

ended generation for OAKS-N often yields many1154

valid surface forms for the same underlying answer.1155

This makes automatic evaluation less reliable (Bai1156

et al., 2024; Wang et al., 2024). To enable con-1157

sistent scoring, we therefore cast OAKS-N as a1158

multiple-choice QA task. Each question has at1159

least five options, including distractors, to keep the1160

difficulty consistent and to challenge models that1161

have not closely tracked the narrative details.1162

Manual Curation and Quality Control To en-1163

sure that each question is objectively answerable1164

at any point in the narrative, annotators filtered or 1165

refined low-quality questions, created new ques- 1166

tions, aligned answer options with the source text, 1167

and annotated explicit supporting evidence for each 1168

state transition. Through this rigorous process, only 1169

55% of the initial questions were retained or re- 1170

formulated as high-quality. 1171

Discarded questions mostly resembled conven- 1172

tional reading-comprehension questions that are 1173

answerable only after reading the entire book. The 1174

removed questions primarily fell into three cate- 1175

gories: (i) questions that merely stitched together 1176

information from multiple chunks thus reduced to 1177

evidence searching rather than state tracking; (ii) 1178

questions that exhibited only a single state change 1179

but did not require multi-chunk reasoning or multi- 1180

hop inference; and (iii) questions whose answer 1181

options were unsupported by the surrounding con- 1182

text or appeared simultaneously within the same 1183

chunk. 1184

Beyond filtering out low-quality questions, the 1185

annotators and authors extensively revised the re- 1186

maining questions to ensure that each question was 1187
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Prompt 1: Identifying Main Entity

You are an AI assistant specializing in narrative analysis and entity extraction. Your task is to
analyze the novel and identify the most important characters and objects, central to the narrative.

Your response must only contain the names of the entities, separated by a | character.
Do not include labels, explanations, or any other text.

Example Output:
Jason Hill | Maria | The Sapphire | Captain Eva | The Northern Village

objectively answerable at any point in the narra-1188

tive and that exactly one answer option was correct1189

at each chunk. For example, questions that asked1190

about a state’s evolvement were revised to ask the1191

status at specific point in the story. (e.g., How1192

does Mr. Darcy’s assessment of Elizabeth Bennet’s1193

appearance evolve? →What is Mr. Darcy’s latest1194

assessment of Elizabeth Bennet’s appearance? )1195

Similarly, when a state was revealed cumulatively1196

over time , we reformulated questions to target the1197

most recent revelation(e.g., What are the different1198

names or identities Erik is known by? → What1199

term has been most recently introduced to describe1200

the man who lives at the opera?), rather than the1201

entire accumulated state, ensuring that exactly one1202

answer option is correct at each point in the narra-1203

tive.1204

Answer options were also carefully curated: un-1205

supported options were removed, contextually nec-1206

essary options were added, and cases where multi-1207

ple options appeared within the same chunk were1208

consolidated. This process ensured that the answers1209

remain well-defined and that only a single option1210

was valid for each chunk. Throughout this process,1211

the validity of the question or answer options and1212

the correctness of the selected answers were jointly1213

reviewed and discussed by at least two annotators1214

or authors.1215

Human Annotation Via Upwork, we hired 181216

experienced freelancers who were native English1217

speakers from USA and had already read the se-1218

lected books. Compensation per book ranged from1219

$50 to $850, depending on book length and the1220

number of initial draft questions, with a total anno-1221

tation cost of $17,400. Beyond the core question-1222

answer annotation task, compensated at approx-1223

imately $20 per hour with an average workload1224

of 14 hours per book, we additionally provided1225

payment for high-quality question generation and 1226

substantial question–answer revisions. 1227

Annotators were provided with (i) the novel text 1228

segmented into chunks and (ii) a spreadsheet con- 1229

taining the questions and answer options. For each 1230

question, annotators labeled the correct answer at 1231

every chunk, and revised or removed questions 1232

and answer options. Whenever an answer changed 1233

from previous answer, annotators were required to 1234

copy and paste the exact evidence sentence from 1235

the corresponding chunk that justified the answer 1236

transition. 1237

The authors subsequently conducted a thorough 1238

verification of all annotated files to ensure consis- 1239

tency and correctness. This included checking that 1240

(i) each question had exactly one valid answer per 1241

chunk, (ii) the cited evidence explicitly appeared 1242

in the specified chunk and correctly supported the 1243

selected answer, (iii) the cited evidence aligns with 1244

the chunk the answer was chosen, and (iv) each 1245

question contained at least five answer options, in- 1246

cluding distracting options. 1247

The full annotation instructions provided to the 1248

annotators are included in Instruction 1 to 4. To 1249

ensure high-quality annotations and alignment with 1250

our research goals, we provided the annotators with 1251

an explanation on academic purpose of the study. 1252

The annotation process was conducted transpar- 1253

ently through the Upwork platform, ensuring fair 1254

labor practices, after internal ethics review. 1255

B.1.4 Dataset Safety 1256

To ensure data privacy and ethical standards, for 1257

OAKS-B, we modified all location and character 1258

names using randomized, non-existent strings to 1259

ensure they do not refer to real-world individuals 1260

or locations. The factual sentences in the widely 1261

used original bAbI benchmark (Weston et al., 2016) 1262

consist of mundane descriptions of daily activities 1263
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and contain no offensive content. For OAKS-N,1264

the foundational contexts are derived from existing,1265

publicly available novels.1266

B.2 Evaluation Setups and Metrics1267

B.2.1 Evaluation Criteria1268

After extracting the final answer from the model’s1269

prediction, we compare it against the ground-truth1270

answer using normalized text. To ensure a robust1271

benchmark, correctness is assessed using an exact-1272

match criterion. For OAKS-N, where models are1273

prompted to respond with a single character cor-1274

responding to an answer option, we extract and1275

evaluate that character directly.1276

For OAKS-B, to mitigate the ambiguity of open-1277

ended generation, we conditionally allow multiple1278

equivalent answer forms only under the following1279

cases: (i) Counting-type questions: we accept both1280

numeric and textual representations (e.g., once,1281

twice, three times). (ii) Counting-type questions1282

before the relevant information is revealed: we ac-1283

cept both Unknown and 0. (iii) Comparison-type1284

questions before valid evidence is encountered: we1285

accept both Unknown and Same.1286

B.2.2 Metrics1287

For OAKS-BABI and OAKS-Novel, we evaluate1288

a model with Accuracy and analyze fine-grained1289

behavior over three additional metrics: Acquisition1290

Latency (AL), Distraction Susceptibility (DS), and1291

Phase Miss rate (PM).1292

Accuracy Accuracy measures the proportion of1293

time intervals where the model predicts the cor-1294

rect answer for a given question. We then average1295

the score over all questions. We provide a formal1296

definition below.1297

Given our dataset consisting of C chunks C =1298

{ci}Ci=1 and a question setQ = {qj}Qj=1 with corre-1299

sponding ground truth answers A = {ai,j}Q,C
j=1,i=1,1300

a model M is asked to predict an answer given a1301

set of chunks St = {ci}ti=1 up to a certain interval1302

t. Let the model’s prediction be pj,t = M(qj ,St).1303

Then the Accuracy of model M is defined as:1304

Accuracy =
1

Q

Q∑
j=1

1

C

C∑
i=1

1 [pi,j = ai,j ] (1)1305

Acquisition Latency (AL) AL describes how1306

quickly or slowly it takes the model to adapt to a1307

new state relative to the length of all sequence. For1308

each phase, we count the number of incorrect pre- 1309

dictions before a correct prediction (lag intervals) 1310

and obtain the proportion of the whole intervals. 1311

Then, we compute the average over all the ques- 1312

tions. 1313

Mathematically, 1314

• let Nj be the total number of distinct phases for 1315

question qj , 1316

• let Tk,j be the k-th phase for qj and |Tk,j | its 1317

duration, 1318

• let at,j be the ground truth answer at interval t 1319

for question qj . 1320

Define

τk,j = min{t ∈ {1, . . . , |Tk,j |} | pt,j = at,j}

as the first time step in phase Tk,j where the models 1321

answers qj correctly. If the model is never correct, 1322

we define τk,j = 0. 1323

AL metric is defined as: 1324

AL =
1

Q

Q∑
j=1

1

C

Nj∑
k=1

(τk,j − 1) · 1[τk,j > 0] (2) 1325

Distraction Susceptibility (DS) DS measures 1326

the distraction rate of a model. For each phase, we 1327

quantify DS by counting the number of incorrect 1328

predictions after its first correct prediction (number 1329

of lapses) and average the ratio of all intervals and 1330

over all questions. 1331

DS metric is defined as: 1332

DS =
1

Q

Q∑
j=1

1

C

Nj∑
k=1

|Tk,j |∑
t=τk,j+1

dj,k,t,

dj,k,t = 1[pt,j ̸= at,j ] · 1[τk,j > 0] .

(3) 1333

Phase Miss rate (PM) PM measures the rate at 1334

which a model completely fails to capture the cor- 1335

rect state throughout an entire phase. We quantify 1336

PM by summing up the duration of each phase 1337

where the model missed completely and averaging 1338

the ratio of all intervals over all questions. 1339

PM is defined as: 1340

PM =
1

Q

Q∑
j=1

1

C

Nj∑
k=1

|Tk,j | · 1[τk,j = 0] (4) 1341

B.2.3 Statistical Reliability 1342

Due to the incremental nature of our evaluation, 1343

where models must perform inference at every in- 1344

terval, the total number of required inferences is 1345
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Avail-
ability

Model Architecture Context Length Exp.
Length

Model Family Full-name Size (Active) Type Attention Default Expanded

Open

Qwen

Qwen3-4B-Instruct-2507 4B Dense GQA 262k - 262k
Qwen2.5-7B-Instruct 7B Dense GQA 32k 131k 131k
Qwen3-8B 8B Dense GQA 32k 131k 131k
Qwen3-30B-A3B-Instruct-2507 30B (3B) MoE GQA 262k - 262k
Qwen3-30B-A3B-Thinking-2507 30B (3B) MoE GQA 262k - 262k
Qwen3-Next-80B-A3B-Instruct 80B (3B) MoE Hybrid 262k 1M 262k
Qwen3-235B-A22B-Instruct-2507 235B (22B) MoE GQA 262k 1M 133k

GPT-OSS
gpt-oss-20b 20.9B (3.6B) MoE GQA 131k - 131k
gpt-oss-120b 116.8B (5.1B) MoE GQA 131k - 131k

Gemma
Gemma 3-4b-it 4B Dense GQA 131k - 131k
Gemma 3-27b-it 27B Dense GQA 131k - 131k

Propr-
ietary

Gemini
Gemini 2.5 Flash - - - 1M - 1M
Gemini 2.5 Pro - - - 1M - 1M
Gemini 3.0 Pro - - - 1M - 1M

Table 12: Model Architecture and Performance Settings. Attention architecture of Qwen3-80B is Hybrid of Gated
DeltaNet and Gated Attention)

exceptionally high. Specifically, for each model,1346

the total inference count is calculated as D ×1347

C × Q, where D represents the number of doc-1348

uments(books), C the number of chunks per docu-1349

ment, and Q the number of questions per interval.1350

This results in approximately 78k inferences for1351

OAKS-BABI and 67k for OAKS-Novel per model.1352

The baseline experiment on Qwen3-30B model re-1353

quired approximately 125 GPU hours on Nvidia1354

A100 GPUs. Given the substantial computational1355

cost, we report results from a single comprehen-1356

sive run for each model rather than multiple trials1357

with different seeds. However, the sheer volume1358

of evaluation points across thousands of unique1359

context-question pairs provides a high degree of1360

consistency and statistical significance for our com-1361

parative analysis.1362

C Experimental Setup1363

C.1 Base Models1364

We assess the proposed dataset on a total of 14 lan-1365

guage models, including both open-source and pro-1366

prietary systems, across a wide spectrum of model1367

scales. Because long-context capacity and architec-1368

tural design vary substantially across models, we1369

summarize these characteristics in Table 12.1370

C.1.1 RAG1371

Retrieval is restricted to chunks from previous time1372

intervals, with chunk indices added to preserve1373

order (i.e., no access to future information). Un-1374

less otherwise specified, we retrieve the total 301375

relevant memory chunks from top, including both1376

directly matched chunks and those linked through 1377

the framework’s internal structure. 1378

C.1.2 Agentic Memory Systems 1379

HippoRAG-v2 (Gutiérrez et al., 2025) is a graph- 1380

based retrieval framework built on Personalized 1381

PageRank. MemAgent (Yu et al., 2025) is designed 1382

for long-context processing with linear computa- 1383

tional complexity, partitioning inputs into chunks 1384

and incrementally updating memory by combin- 1385

ing prior memory with newly observed chunks at 1386

each timestamp, trained using GRPO. A-Mem (Xu 1387

et al., 2025b) is an agentic memory system inspired 1388

by the Zettelkasten method and organizes memory 1389

as an interconnected knowledge network through 1390

dynamic indexing and bidirectional linking. 1391

C.1.3 Context Representation 1392

Baseline When evaluating on OAKS-N, for mod- 1393

els whose maximum sequence length is shorter than 1394

1M tokens, we adopt a rolling-window strategy that 1395

always fills the model’s full context length, discard- 1396

ing the earliest chunks as new chunks are appended. 1397

For ultra-scale models such as Qwen3-235B, we 1398

cap the maximum model length at 133k tokens, 1399

since inference with the full length cannot be ex- 1400

ecuted on a single 8 H100 node. The maximum 1401

context length used for each model in the baseline 1402

concatenation setting is reported in the final column 1403

of Table 12. 1404

RAG To evaluate the models’ tracking perfor- 1405

mance under a Retrieval Augmented Genera- 1406

tion(RAG) setting, we structured the retrieval pro- 1407
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cess and prompt formatting as follows:1408

• Indexing and Retrieval: We build a vector1409

index where each entry is formatted as "#1410

chunk index : {chunk_idx}, context:1411

{chunk_text}". For a given question qj at1412

interval t, we perform a similarity search us-1413

ing a query that incorporates the chunk in-1414

dex to maintain structural consistency with "#1415

chunk index : {chunk_idx}, question:1416

{question}"1417

• Prompt Construction: The top k retrieved1418

chunks are then prepended to the model’s in-1419

put prompt. To ensure the model can distin-1420

guish between different retrieved fragments, we1421

use a structured list format as "- Retrieved1422

context:\n# chunk index : {chunk_idx},1423

context: {context}\n# chunk index :1424

{chunk_idx}, context: {context}"1425

For RAG+R.W, the RAG component is only1426

activated when the total available context ex-1427

ceeds the current window size (t > w), where1428

w denotes the window size, utilizing the his-1429

torical chunks beyond the window for retrieval.1430

The context is distinguished from each other1431

with the format: "- Retrieved context:\n#1432

chunk index : {chunk_idx}, context:1433

{context}\n# chunk index : {chunk_idx},1434

context: {context}\n\n # Recent Chunks:1435

{context}\n{context} " and the interval infor-1436

mation is embedded into the question as well1437

"Current Head Index : {chunk_idx},1438

question: {question}"1439

C.1.4 Inference Parameters1440

For inference, we generally follow the best prac-1441

tices recommended by the model providers when1442

available. As a default configuration, we adopt1443

the settings used for the Qwen3 series: a temper-1444

ature of 0.7, top-p of 0.8, and top-k of 20. Some1445

models use provider-specified configurations that1446

differ from this baseline, including Qwen3-Next-1447

80B (temperature 0.6, top-p 0.95, top-k 20) and1448

Qwen3-30B-Thinking (temperature 0.6, top-p 0.95,1449

top-k 20). For Gemini 2.5 Flash and Gemini 2.51450

Pro, we use the default setup of temperature 0.0,1451

top-p 0.95, and top-k 40. We generate up to 40961452

tokens for all models. When querying Gemini with1453

the thinking process enabled, we use the model’s1454

default mode, where it automatically budgets up to1455

8192 thinking tokens. For Gemini 3.0 Pro, we ex-1456

tended the maximum generation tokens to 32,7681457

in cases where the model exhausted the initial 4k-1458

token limit in thinking mode without returning a 1459

final answer. 1460

When the concatenated context exceeds a 1461

model’s default context length and the model sup- 1462

ports context extension via YaRN, we expand the 1463

maximum sequence length accordingly, following 1464

the procedures specified in the official documenta- 1465

tion. 1466

Experiments were conducted using 4 or 8 A100 1467

80G GPUs, 8 H100 80G GPUs, or 4 H200 140G 1468

GPUs based on the model size and availability. 1469

C.1.5 Inference Prompt 1470

The prompts used to evaluate models on OAKS- 1471

B and OAKS-N are provided in Prompt 3 and 1472

Prompt 4, respectively. The task description is 1473

shared across the two benchmarks; however, the 1474

only difference lies in (i) how the “not answerable” 1475

option is defined and (ii) the output format. Specif- 1476

ically, OAKS-B requires open-ended generation, 1477

whereas OAKS-N requires selecting from prede- 1478

fined answer options. Our prompts are adapted 1479

from the original prompt used in the BABILong 1480

benchmark (Kuratov et al., 2024) and follow the 1481

best practice described in official document of 1482

Qwen3. To ensure deterministic evaluation, es- 1483

pecially for models prone to divergent outputs, we 1484

appended a strict formatting constraint to the sys- 1485

tem prompt, where the model was instructed to 1486

conclude every response with a standardized tem- 1487

plate: "## Answer: [CHAR]". 1488

D Evaluation Result 1489

D.1 Relationship with reasoning/thinking 1490

ability 1491

Table 14 presents the performance results on 1492

OAKS-N. Unlike the results observed in OAKS- 1493

B, the activation of Thinking mode in OAKS-N 1494

leads to a performance degradation. While OAKS- 1495

B is a synthetic dataset specifically designed to 1496

require explicit multi-evidence integration, OAKS- 1497

N necessitate implicit multi-hop reasoning woven 1498

into a naturalistic narrative. We hypothesize that 1499

inference-time scaling is most effective for tasks 1500

with high structural complexity, such as those re- 1501

quiring the simultaneous tracking of multiple states 1502

as seen in OAKS-B, rather than the nuanced lin- 1503

guistic extraction required by OAKS-N. 1504

D.2 Analysis on Performance of RAG and RW 1505

No clear winner on optimal context construc- 1506

tion strategies. Table 13 compares different con- 1507
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OAKS-B OAKS-N

Strategy All Sprs. Mod. Freq. All Sprs. Mod. Freq.

Base 35.8 38.5 37.3 29.4 62.8 71.2 63.7 57.1
RAG 37.8 40.1 39.2 32.0 61.0 68.9 63.0 54.9
R.W. 36.4 38.8 38.3 29.9 62.6 69.2 63.6 58.0
RAG+R.W 36.7 39.3 38.1 30.7 64.6 72.1 64.7 60.1

Table 13: Accuracy (%) of Qwen3-30B on OAKS-
B and OAKS-N under different context construction
strategies. We compare baseline concatenation, RAG
with top-30 retrieved chunks, a rolling window of the
most recent 30 chunks (RW), and their combination
(RAG+RW; top-15 retrieved and 15 most recent).

text construction strategies under long-context con-1508

straints, including the Base setting, RAG, Rolling1509

Window (RW), which retains only the most re-1510

cent 30 chunks, and their combination (RAG+RW).1511

While each strategy improves performance over the1512

Base setting in most cases, no single approach con-1513

sistently dominates across datasets. Specifically,1514

RAG achieves the best performance on OAKS-B1515

(+2.0%), suggesting that relevance-based evidence1516

localization is effective when salient evidence is1517

clearly distinguishable from background context.1518

In contrast, on OAKS-N, RAG degrades perfor-1519

mance (-1.8%), whereas the combined RAG+RW1520

strategy performs best (+1.8%). We hypothesize1521

that this is because novels are narrative-heavy con-1522

texts with complex temporal structure. Thus, even1523

when retrieval is successful, models may struggle1524

to effectively integrate retrieved passages, while1525

the additional RW component preserves tempo-1526

rally aligned context, facilitating better understand-1527

ing and utilization of accumulated long-term his-1528

tory (Han et al., 2025; Gutierrez et al., 2024; Lee1529

et al., 2024).1530

Performance by number of context chunks1531

in RAG and Rolling Window Figure 5 illus-1532

trates the performance of the retriever, Qwen3-1533

Embedding-0.6B (Zhang et al., 2025), reporting1534

the Pass@k metric as a function of the number of1535

retrieved chunks. Given that our dataset necessi-1536

tates the synthesis of multiple pieces of evidence, a1537

single chunk rarely contains the complete ground1538

truth. For the purpose of this analysis, however,1539

we proxy the gold truth as the chunk of the state1540

transition within the current phase. We observe1541

that retriever performance increases monotonically,1542

approaching near-perfect recall as k reaches 60.1543

Figure 6 and Figure 7 present the performance as1544

a function of the number of chunks in RAG and RW1545

Model Think All Sparse Moderate Frequent

Qwen3
30B

- 62.8 71.2 63.7 57.1
✓ 61.8 70.6 61.1 57.1

Gemini 2.5
Flash

- 67.3 77.3 68.2 60.9
✓ 65.6 75.2 65.6 60.0

Table 14: Accuracy (%) of Qwen3-30B and Gemini 2.5
with RAG on OAKS-N by answer change frequency
with and without Thinking Mode.

Models Size LongBench

Qwen2.5 7B 30.0
Gemma 3 4B 29.4
GPT-OSS 20B 14.8
Gemma 3 27B 33.6
Qwen3 30B 32.6

Table 15: Performance on LongBench-V2.

on OAKS-B and OAKS-N, respectively. In both 1546

settings, increasing the number of chunks initially 1547

improves the performance but peaks around 30 1548

chunks. 1549

D.3 Difference by dataset 1550

We observe that the average score for OAKS- 1551

B (39.4%) is lower than that of OAKS-N (57.5%). 1552

We conjecture that the multiple-choice format of 1553

OAKS-N introduces a restricted answer space,9 1554

and that the narratives within OAKS-N may still 1555

be susceptible to the influence of prior knowledge 1556

bias. The lower performance on OAKS-B may 1557

be attributed to its synthetic design, which allows 1558

for the creation of intrinsically more complex and 1559

difficult tasks. 1560

E Analysis 1561

E.1 Fine-grained Analysis of Predicted 1562

Knowledge Transition Behavior 1563

In this section, we provide an additional detailed 1564

analysis based on Table 5 in Section 6.1, which 1565

summarizes the results for representative models. 1566

Table 16 and Table 17 show the analysis over 1567

OAKS-B and OAKS-N, respectively. Figure 8 1568

shows a schematic illustration of model behaviors. 1569

Correct transitions are easier than correct an- 1570

swers: Aggregating across models, we observe 1571

that models tend to correctly predict whether a tran- 1572

sition occurs compared to producing the correct 1573

9A random baseline can achieve an expected accuracy of
18.6%.
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answer itself. On average, correct transition behav-1574

iors occur more often (31.2%) than incorrect ones1575

(18.8%), whereas answer correctness is lower over-1576

all (22.8% correct vs. 27.2% incorrect). This indi-1577

cates that identifying when to update knowledge1578

is an easier subproblem than determining what the1579

updated answer should be.1580

Dominant behaviors when answer is correct?1581

We analyze the model behavior among the cases1582

where the answer is correct (✓). When the tran-1583

sition prediction is correct, Adaptability occurs1584

more frequently than Stability, indicating that1585

maintaining stable knowledge is more challenging1586

than updating knowledge at the correct time. We1587

hypothesize that this difficulty arises due to long1588

and complex, multiple interacting facts within the1589

given context, which increases the likelihood of1590

spurious updates.1591

Dominant behaviors when answer is incorrect?1592

We analyze the model behavior among the cases1593

where the answer is incorrect (✗). In these cases,1594

Volatility and Maladaptation are the more fre-1595

quent behaviors when the transition is incorrect or1596

correct, respectively, indicating that erroneous an-1597

swers often coincide with unnecessary or poorly1598

timed changes. Compared to the correctly an-1599

swered cases in the previous paragraph, the gap1600

between changing and staying behaviors is smaller1601

when the answer is incorrect (7.5 for incorrect vs.1602

14.6 for correct), suggesting that errors arise from1603

a broader range of failure modes.1604

E.2 Correct evidence prediction does not1605

ensure correct answer prediction1606

We conduct a detailed error analysis of the rela-1607

tion between answer and evidence prediction for1608

OAKS-N to evaluate how well the model uses the1609

source from the book. We use an LLM as a judge to1610

assess whether the predicted reasoning aligns with1611

the annotated evidence and to check whether the1612

model relies on its own knowledge.10 The largest1613

error category is when both answer and evidence1614

are incorrect (47.3%), indicating that failures fre-1615

quently co-occur. Fully correct predictions, where1616

both answer and evidence are correct, account for1617

18.8% of cases. In 14.2% of cases, the model pro-1618

duces the correct answer despite incorrect evidence,1619

typically by relying on its own parametric knowl-1620

edge or focusing on an incorrectly related passage.1621

10Cases in which the model produced an answer directly
without explicit reasoning were removed from this analysis

When evidence is correct, the model still produces 1622

an incorrect answer in 19.7% of cases, often due 1623

to confusion among multiple answer options, high- 1624

lighting that even correct evidence does not guar- 1625

antee a correct answer and is consistent with the 1626

overall lower accuracy of answer prediction com- 1627

pared to evidence prediction. Taken together, these 1628

observations indicate that answer reasoning is a 1629

critical ability for solving this task. We used Gem- 1630

ini 2.5 Pro as Judge. Prompt 4 shows the prompt 1631

used for LLM Judge. 1632

E.3 OAKS is not solvable with simple long 1633

context understanding ability 1634

We analyze the correlation between performance 1635

on long context tasks and on OAKS. To measure 1636

long-context ability, we use LongBench-v2 (Bai 1637

et al., 2024), a widely adopted benchmark for eval- 1638

uating models’ performance on long context in- 1639

puts (Table 15). Across five models of similar size, 1640

the Pearson correlation between LongBench-v2 1641

performance and performance on OAKS-B and 1642

OAKS-N is 0.69 and 0.34, respectively. When 1643

analysis over the Frequent subset of OAKS-B and 1644

OAKS-N, the correlation drops to 0.45 and 0.30. 1645

This suggests that while OAKS benefits from a 1646

model’s long context ability, as contexts of OAKS 1647

are usually long, it also requires additional capabili- 1648

ties: adapting to dynamic knowledge online and ac- 1649

curately tracking evolving information. Similarly, 1650

the analysis in Section 6.4 shows that performance 1651

tends to degrade as the time interval increases, fur- 1652

ther highlighting that simple long-context under- 1653

standing is insufficient to solve OAKS. 1654

F Ethical Considerations / Potential Risks 1655

Our study is primarily restricted to English narra- 1656

tives, which may limit the generalizability of our 1657

findings to other languages. OAKS incurs sub- 1658

stantial computational cost, which would indicate 1659

increased energy consumption. We hired human an- 1660

notators when constructing OAKS-N; although we 1661

applied extensive filtering and verification proce- 1662

dures, potential annotation errors may remain due 1663

to the inherent subjectivity of human judgment. 1664

G Usage of LLM 1665

In our research, we employed Large Language 1666

Models (LLMs) for initial data generation and 1667

writing assistance. In OAKS-N, as explained in 1668

Section 3.1 and Appendix B.1.3, initial drafts of 1669
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GT Phase Transitions (Change) No GT Transition (Stay)

Think Models Size
Adaptability

(C / ✓)
Maladaptation

(C / ✗)
Prescience

(S / ✓)
Stubbornness

(S / ✗)
Lag

(C / ✓)
Volatility

(C / ✗)
Stability

(S / ✓)
Obstinacy

(S / ✗)

✗

Qwen3

4B 28.4 26.2 2.5 42.9 4.6 23.6 21.4 50.4
8B 36.5 48.2 3.7 11.6 11.0 57.9 21.5 9.6

30B 34.3 33.6 9.7 22.4 8.9 36.7 26.3 28.1
80B 36.0 29.5 9.2 25.3 9.5 31.3 31.3 28.0
235B 39.8 27.9 11.3 21.0 12.0 31.6 34.5 21.9

Qwen2.5 7B 28.6 37.2 5.9 28.3 9.2 46.0 14.8 30.0

GPT-OSS
20B 33.3 54.6 3.8 8.2 9.3 68.5 12.0 10.2
120B 39.1 40.8 5.5 14.6 12.8 46.5 24.2 16.5

Gemma 3
4B 26.5 44.0 7.4 22.1 7.9 48.7 15.5 27.9

27B 31.6 28.6 11.9 27.9 12.2 27.0 25.2 35.6

Gemini 2.5
Flash 36.3 17.0 17.2 29.5 7.5 16.9 35.0 40.7
Pro 37.2 20.2 15.4 27.2 8.3 20.6 33.8 37.2

✓

Qwen3 30B 39.6 34.6 7.7 18.2 13.0 37.7 30.4 18.9

Gemini 2.5
Flash 47.5 23.8 15.0 13.7 12.4 27.5 43.3 16.8
Pro 49.3 25.3 14.1 11.3 15.6 27.3 44.4 12.6

Table 16: Analysis of model knowledge tracking behavior on OAKS-B. The table shows the average occurrence
rate of specific tracking behaviors across all time intervals. Results are partitioned by the ground truth (GT) state:
whether the answer Change from the previous interval or Stay the same. Since Stay intervals are more frequent(94%
of all intervals), rates are averaged within each GT category to sum to 100%. The second row shows the behavioral
labels (e.g., Maladaptation) and the model’s action in the sub-header (e.g., (C / ✓)): whether the predicted answer
Changed from the previous prediction or Stay, and whether the resulting answer is correct (✓) or wrong (✗).

GT Phase Transitions (Change) No GT Transition (Stay)

Think Models Size
Adaptability

(C / ✓)
Maladaptation

(C / ✗)
Prescience

(S / ✓)
Stubbornness

(S / ✗)
Lag

(C / ✓)
Volatility

(C / ✗)
Stability

(S / ✓)
Obstinacy

(S / ✗)

✗

Qwen3

4B 51.8 15.2 7.5 25.5 8.2 20.4 38.6 32.8
8B 53.3 18.4 6.7 21.7 8.2 23.1 43.1 25.7

30B 54.8 9.7 11.9 23.7 5.4 10.5 57.9 26.2
80B 55.5 8.5 12.5 23.5 4.6 8.7 60.3 26.4
235B 55.2 9.0 11.3 24.5 5.0 9.5 60.3 25.2

Qwen2.5 7B 27.9 39.1 4.2 28.9 12.2 31.1 19.7 37.0

GPT-OSS
20B 48.2 23.0 5.8 23.0 10.7 33.5 33.6 22.2
120B 46.8 23.2 8.3 21.7 11.0 23.4 43.4 22.3

Gemma 3
4B 37.2 14.5 16.0 32.2 4.5 14.0 32.7 48.9

27B 57.2 8.0 12.3 22.5 5.0 9.4 56.0 29.6

Gemini 2.5
Flash 59.9 10.4 9.8 19.9 6.3 12.8 61.4 19.6
Pro 25.4 35.2 1.2 38.2 15.7 27.0 9.4 47.8

✓
Gemini 2.5

Flash 60.8 15.7 9.7 13.8 8.5 19.5 56.7 15.4
Pro 67.3 6.2 13.9 12.7 4.1 7.5 72.6 15.8

Table 17: Analysis of model knowledge tracking behavior on OAKS-N.

question-answer pairs were generated by Gemini1670

2.5 Pro, which were subject to rigorous human an-1671

notation process to filter out low-quality questions.1672

During writing, LLMs were utilized for sentence-1673

level refinement and grammatical polishing. All1674

AI-generated suggestions were carefully reviewed1675

and edited by the authors to maintain the coherency1676

and accuracy.1677
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Prompt 2: Generating Question about a Specific Entity

You are given a novel. Your task is to generate a set of Question, Answer, and Evidence pairs that
fulfill the following criteria:

### Question Criteria
- Synthesizing Information: Each question must require synthesizing information from at least
two separate parts of the novel. A question that can be answered with a single local quote should
not be included.
- Types of questions: Example topics include:

- Tracking the evolution of a character’s feelings, understanding, or situation over time.
- Connecting a character’s backstory from one chapter to their actions in another.
- Solving a mystery for which clues are scattered across different locations.
- Comparison questions where the relevant information appears in different parts (e.g., "Who

is older, A or B?").
- Avoid single-point questions: Avoid questions that can be answered by quoting just one part of
the novel.

### Answer & Evidence Format
- Answer: Provide a concise answer in a few words.
- Evidence: Then, support the answer with quoted pieces of evidence from the text. These
evidences should come from different chunks of the novel (not from the same chunk).

### Input Schema
You will receive two inputs:
1. A JSON object: This object contains the Novel text.
2. An Entity: A string representing the main character or object to be tracked (e.g., "Jason Hill").

### Output Schema
The output must be a single JSON object matching this structure.

[{
"question": "What is Harry's primary Quidditch broomstick?",
"answers": [{

"answer": "Nimbus Two Thousand",
"source": "One of Harry’s most prized possessions was his Nimbus Two
Thousand racing broom."

},
{
"answer": "A school-owned Shooting Star",
"source": "He had been riding one of the school brooms at team practice,
an ancient Shooting Star, which was very slow and jerky; he definitely
needed a new broom of his own."

},
...
]

},
]

### ENTITY TO TRACK

{entity}
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Instruction 1: Overall Instruction to the Annotators

Task Instruction:
We have divided the assigned book into multiple chunks. The goal of this project is to ‘collect and
refine questions and answers that reflect “dynamic changes throughout the storyline”.‘ In other
words, tracking the changing answers in each chunk. For example, if the main character moves
frequently, a question like ‘where is the main character living?’ will have different answers at
different points in the story, depending on the events that have occurred so far.

Your responsibilities:
You will be working with an Excel file that contains text from a book, along with questions and
answer options. Please fill in the Excel file according to the provided guidelines. See [Guidelines
on how to fill in Excel] for details.

- Tasks:
1. Read the given chunk carefully.
2. After reading each chunk:

– Answer the given multiple-choice questions based on the content in the current chunk
and all previous chunks. If none of the existing options are appropriate, add a new one.
(Read [Guidelines for Answering] for more details)

– Copy and paste the relevant evidence snippet from the chunk to ‘source‘ tab.
3. Generate at least five new questions that fit the same dynamic-tracking criteria. (Read [Guide-

lines for Generating Questions] for more details)
4. Generate distracting answer options. (Read [Guidelines for Generating Distracting Answer

Options] for more details)
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Instruction 2: Guidelines for Answering

1. Use only information from the current and previous chunks. Do NOT use prior knowledge about
later parts of the story.

2. Choose the most accurate answer based on the information available so far. Each question should
have only one appropriate answer.
– If a question appears to have multiple correct answers, and both seem valid:
• Write “remove” for the option that has never been chosen as an answer before in Column E.

Make sure you do not choose the option later on.
• If removing an option affects later chunks, please contact us for clarification.
• Examples
◦ [Example 1] Question is "Where is character A living?" with options "Paris" and "LA".

Earlier answer is Paris and New information states that A lives in LA
→ Choose LA as the correct answer and provide evidence.
◦ [Example 2] Question is "What is the role of A?" with a option "nurse". In Chunk 5, it

mentions A is a nurse and in chunk 7, it adds that A also started working as a writer on
weekends
→ Add a new option “nurse and writer” and choose this as an answer.

– Along with several other answer options, there are always two default options:
• "Prev" : Previous answer still holds
◦ [Example] If in previous chunks the character moved to home A, and the current chunk

doesn’t mention about move, then the answer to “Where is the character living” remains
A and you should choose "Previous answer still holds"

• "NA" : We cannot answer to this question at this point
◦ If the answer cannot be found because the relevant information has not appeared in the

story yet, choose “NA.”
◦ [Example] If the question is “Where is the character living?” and the location has not

yet been revealed, the answer should be “NA”.
◦ Once you select any answer other than "NA", you should not choose "NA" afterwards.

If none of the existing options fit, add a new answer option instead.
3. Except for "NA" or "Prev", copy and paste the relevant evidence snippet from the chunk.
4. If answering a question requires information from multiple chunks, you may select the answer

only when all necessary evidence is present in the current or previous chunks. In this case,
the evidence should be taken from the latest chunk—the one that contains the final piece of
information needed to answer the question.

5. If the current chunk includes a flashback (a reflection on a past location), do NOT treat that as the
current state.

6. If all the answer options are inappropriate, create and add new option.
7. When a question asks about a character’s understanding of something, include evidence showing

where the character actually understands the concept or situation. However, sometimes a
character hears or learns about a situation but becomes confused because it contradicts their prior
beliefs. In those cases, only select the answer and evidence that explicitly show the character
has reached understanding.
– Valid example: “Character A nodded in agreement after the explanation.” (This shows clear

understanding.)
– Invalid example: “Character A listened to the explanation.” (This only shows the character

hearing the explanation, not understanding it yet.)
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Instruction 3: Guidelines for Generating Questions

Valid question set satisfies these criteria:
1. There could be two types of questions:

– The question tracks the evolution of a character’s feelings, understanding, or situation as the
story progresses. The appropriate answer to the question is different according to the relative
position in the story.

– A question that you can answer ONLY when you have information from two or more chunks.
2. For each chunk, there should be only one answer for each question.
3. Do not ask anything trivial.

– For example, what is the color of the character A wearing?
4. The question shouldn’t be subjective or ambiguous

– For example, “who is character A’s best friend?” since the definition of “best friend” is
ambiguous unless explicitly mentioned in the book.

5. You have to generate at least 5 new questions over the whole book. Make sure you do the same
answer, evidence annotation for these new questions as you did for original questions.

Instruction 4: Guidelines for Generating Distracting Answer Options

1. The distracting options should be plausible but incorrect, designed to challenge readers who
haven’t paid close attention to the details of the story.

2. Each question must have at least six answer choices in total. These two default options (”NA” and
"Prev") are always included, and the additional four options should always exist. If the answer
options are fewer than six, add the incorrect distracting answers to reach a minimum of six total
choices.
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Prompt 3: Prompt for evaluation on OAKS-B

I will give you context and a question. You need to answer the question based only on the
information from the text.

Follow these rules carefully:
1. Strict Contextual Grounding: You must base your reasoning exclusively on the text provided.

Do not use any external or prior knowledge of this story (even if you recognize it).
2. State Persistence: When a state is established (e.g., "The box is on the table"), you must assume

that state persists unless a later part of the text explicitly changes or contradicts it (e.g., "...he
moved the box into the basement.").

3. Final State Priority: Your answer must always reflect the state of the subject at the end of the
provided text. If a state changes multiple times, your answer must be based only on the most
recent, final version.

4. If the answer cannot be found in the context, respond with ‘Unknown’. If the question is a
comparison and the values are same, respond with ‘Same’. Otherwise, give a concise response
in 1–2 words (not a complete sentence).

5. You may do reasoning, but in the end, output your final response in the format: ‘## Answer:
short answer’. The short answer will be parsed for an exact match.
Example: If the question is ‘Where is Sandra?’ and the answer is ‘kitchen’, your response must
end with ‘## Answer: kitchen’. (Do not include extraneous text like ‘Sandra is in the kitchen’).

## Context:

{context}

## Question:

{question}
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Prompt 4: Prompt for evaluation on OAKS-N

I will give you context and a question. You need to answer the question based only on the
information from the text.

Follow these rules carefully:
1. Strict Contextual Grounding: You must base your reasoning exclusively on the text provided.

Do not use any external or prior knowledge of this story (even if you recognize it).
2. State Persistence: When a state is established (e.g., "The box is on the table"), you must assume

that state persists unless a later part of the text explicitly changes or contradicts it (e.g., "...he
moved the box into the basement.").

3. Final State Priority: Your answer must always reflect the state of the subject at the end of the
provided text. If a state changes multiple times, your answer must be based only on the most
recent, final version.

4. Answer Selection: You must choose your answer from the provided options. Do not generate
your own answer. If the text does not contain the information to answer the question, you must
select the option that says "We cannot answer this question at this point".

5. Output Instructions: Please show your choice in the end of the answer field with only the
choice letter, e.g., "answer": "C".

## Context:

{context}

## Question:

{question}

## Options:

{options}
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Prompt 5: Prompt for LLM Judge over evidence

You are an expert Evidence Quality Auditor. Your task is to verify if the Model’s reasoning path
matches the specific evidence logic found in the Ground Truth (GT) Evidence.

## Evaluation Data
- **Question:** [INSERT QUESTION]
- **GT Evidence:** [INSERT GT EVIDENCE]
- **Model Output:** [INSERT MODEL OUTPUT]

## Evaluation Criteria
- The "Core Anchor" Alignment: Identify the specific factual anchor in the GT Evidence (e.g., a
specific location or name). The model must use this anchor as its primary basis for the answer.
- Narrative Context Allowance: The model MAY use external knowledge of the source material
(e.g., "In Chapter 1," "the inciting incident," "the parchment") to frame or organize its reasoning.
This is seen as helpful context.
- The "Source Primacy" Rule (Strict): The model MUST NOT use its own knowledge to contradict,
correct, or bypass the GT Evidence. Phrases like "Based on my own knowledge, the text is wrong"
or reaching a conclusion that ignores the GT facts in favor of external ones must be marked as
FAIL.
- Derivation Integrity: The model must explicitly link the location/fact back to the specific phrases
found in the GT (e.g., "Konigstrasse in Hamburg"). It fails only if it reaches the answer using logic
that ignores or replaces the GT Evidence entirely.

## Instructions
- Extract GT Logic: Summarize the core reason the GT Evidence supports the answer.
- Extract Model Logic: Summarize the core reason the Model provides in its reasoning.
- Compare:
- If the Model’s logic is a direct reflection of the GT Evidence: PASS.
- If the Model’s logic is different, uses outside facts, or misses the "Why" provided in the GT:
FAIL.

## Response Format
GT Logic Summary: <What is the specific ’Why’ in the GT evidence?> Model Logic Summary:
<What is the specific ’Why’ in the model’s reasoning?> Comparison: <Do they align? Does the
model rely on the same sentences/logic?>

Verdict: [PASS or FAIL]
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Figure 8: Extended visual explanations for model’s behavior on OAKS described in Table 6.
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