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Can Large Language Models Keep Up?
Benchmarking Online Adaptation to Continual Knowledge Streams

Anonymous Authors1

Abstract
Large language models operating in dynamic real-
world contexts often encounter knowledge that
evolves continuously or emerges incrementally.
To remain accurate and effective, models must
adapt to newly arriving information on the fly. We
introduce ONLINE ADAPTATION TO CONTIN-
UAL KNOWLEDGE STREAMS (OAKS) to evalu-
ate this capability, establishing a benchmark for
online adaptation over streaming, continually up-
dating knowledge. Specifically, each model is
evaluated at every time interval using the same set
of questions, allowing us to assess whether it can
track and reason over such fine-grained knowl-
edge dynamics across time. To support this set-
ting, we present two datasets: OAKS-BABI and
OAKS-Novel, where individual facts evolve mul-
tiple times across context chunks. These datasets
include dense annotations to measure whether
models track changes accurately. Evaluating 14
models with varied inference approaches, we ob-
serve significant limitations in current method-
ologies. Both state-of-the-art models and agentic
memory systems fail to adapt robustly on OAKS,
demonstrating delays in state-tracking and sus-
ceptibility to distraction within streaming environ-
ments.

1. Introduction
In real-world settings, knowledge is inherently dynamic,
evolving continuously and emerging incrementally. Con-
sequently, LLM-based systems operating as conversational
assistants or embodied agents must adapt to information that
changes sequentially over time on the fly (Yu et al., 2025;
Kim et al., 2024b; Zheng et al., 2025b). For example, assis-
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tants receive user context gradually during dialogue (Maha-
rana et al., 2024; Wu et al., 2025), and robots encounter new
properties of their environments during exploration (Ma-
jumder et al., 2023; Kim et al., 2024a). If the information
updates are not integrated in real time, model predictions
risk becoming outdated or even unsafe. However, current
benchmarks primarily target static knowledge or offline
tasks, failing to adequately evaluate online adaptation in
dynamic settings.

To fill this void, we introduce ONLINE ADAPTATION TO
CONTINUAL KNOWLEDGE STREAMS (OAKS), a bench-
mark designed to evaluate models in an online adaptation
setting over streaming, continually updating knowledge.1

OAKS synthesizes continual knowledge learning (Liska
et al., 2022; Jang et al., 2022) and online adaptation (Lin
et al., 2024; Hu et al., 2023); facts arrive sequentially and
may supersede or contradict prior information, necessitating
that models dynamically revise their knowledge state. Dis-
tinct from prior work, OAKS evaluates whether models can
track factual updates, maintain consistency, and generalize
when reasoning over long-horizon streams characterized
by frequent, fine-grained state changes. To the best of our
knowledge, OAKS is the first benchmark to unify these
two paradigms, supporting both large-scale fine-grained
knowledge adaptation and stepwise online evaluation over
streaming knowledge.

To evaluate models on OAKS, we introduce new datasets:
OAKS-BABI (OAKS-B), a synthetic dataset derived from
the BABILong benchmark (Kuratov et al., 2024), and
OAKS-Novel (OAKS-N), a human-curated dataset sourced
from literary texts. As shown in Figure 1, the datasets
consist of multiple context chunks ct, where facts evolve
dynamically over time intervals t. For each question, we an-
notate answers at each time interval based on all knowledge
accumulated up to that point, capturing answer transitions
triggered by new information. This setup explicitly evalu-
ates a model’s ability to track when and how answers change
in an online setting. During evaluation, the model is asked

1Streaming 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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Language Model

qj How many soldier figures are on the dining table?

Inference at Interval 29

N/A N/A 10 10 10

......T1 T2 T6

...... ...

......

...
Accuracy

Ground Truth at

Phase Ti

Chunk ct ... ...

...

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 (...) ˝Thereˇs 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.

the same set of questions at each interval, with access to the
context up to that point (e.g., chunks c1 to c29 at interval
29, as shown in the figure). Performance is measured by
interval-level accuracy, reflecting whether the model main-
tains the correct state at each specific moment in time.

We conduct an extensive analysis of 14 state-of-the-art mod-
els on OAKS-B and OAKS-N, including strong closed-
sourced model Gemini 3 (Google, 2025) and various sizes
of Qwen3 (Yang et al., 2025), utilizing diverse strategies
for constructing accumulated context. Our results show that
models struggle with OAKS, achieving an average accuracy
of 39.4% on OAKS-B and 57.5% on OAKS-N. We find
that models particularly degrade with frequently updating
knowledge, with accuracies dropping to 33.3% on OAKS-
B and 53.0% on OAKS-N. While inference-time scaling
enhances performance on complex reasoning tasks, its gains
are limited when tracking states that undergo frequent up-
dates. Across a range of context construction strategies, in-
cluding agentic memory systems, naive retrieval augmented
generation (RAG), and recency-based approaches, we ob-
serve that OAKS remains challenging across all settings.
Among these methods, RAG tends to show robust perfor-
mance, whereas agentic memory approaches outperform
simple RAG when frequent knowledge updates exist.

Leveraging the online nature of OAKS, which queries the
same question at multiple points within a streaming context,
we conduct a fine-grained analysis of models’ knowledge
tracking behavior. We find that activating “thinking mode”
enhances both adaptability and stability, leading to higher
overall accuracy. However, distinct failure modes emerge
across different models: some tend to over-update, changing
predictions unnecessarily, while others under-update, dis-
playing inertia even when the underlying state shifts. Our
intra-phase analysis further reveals that even when mod-

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

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 ✓

els achieve comparable accuracy, the underlying causes
of error diverge based on their state-transition behaviors:
over-updating models tend to capture the correct phase but
suffer from frequent distractions within it, whereas under-
updating models are prone to missing entire phases. Finally,
we observe that performance degrades on questions requir-
ing reasoning over multiple context chunks and at later time
intervals as context length increases.

2. ONLINE ADAPTATION TO CONTINUAL
KNOWLEDGE STREAMS

In this paper, we present ONLINE ADAPTATION TO CON-
TINUAL KNOWLEDGE STREAMS (OAKS), a benchmark
that simulates real-world scenarios in which language mod-
els encounter streaming knowledge and must adapt to in-
crementally revealed updates online. In Section 2.1, we
introduce new datasets, and in Section 2.2, we describe the
evaluation setup and metric.
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2.1. Dataset

To evaluate model performance on OAKS, we present two
datasets: OAKS-BABI (OAKS-B), derived from the BA-
BILong benchmark (Kuratov et al., 2024), and OAKS-
Novel (OAKS-N), sourced from full-length literary novels.
Both datasets feature sequential context chunks containing
knowledge updates, with questions explicitly curated to tar-
get facts that evolve over time. Formally, each data consists
of a set of Q questions {qj}Qj=1 and an ordered sequence
of C context chunks {ci}Ci=1. At each time interval t, a
new chunk ct (spanning 2k tokens) is revealed. For each
question qj , we provide a ground-truth answer aj,t and sup-
porting evidence ej,t, representing the valid knowledge state
conditioned on the cumulative history {ci}ti=1.

As detailed in Table 1, unlike prior continual knowledge
benchmarks such as EvolvingQA (Kim et al., 2024c) and
StreamingQA (Liska et al., 2022), our dataset is composed
of granular context increments distributed over a large num-
ber of time steps. This structure, coupled with questions
that track multiple state transitions, enables stepwise on-
line evaluation. Furthermore, compared to general online
adaptation (StreamingBench (Lin et al., 2024)) or fact-
tracking benchmarks (FactTrack (Lyu et al., 2025), Mul-
tiWOZ (Budzianowski et al., 2018)), we focus specifically
on the evolution of semantic knowledge, facilitating a more
fine-grained assessment of knowledge adaptation capabili-
ties. Since each question targets a different aspect of knowl-
edge from the context, the timing and frequency of phase
transitions vary across questions. To evaluate model robust-
ness under varying degrees of change, we stratify the dataset
into three subsets, Sparse, Moderate, Frequent, based on the
frequency of answer changes for each question.

Additional details on dataset construction, filtering, hu-
man annotation, refinement, and statistics on OAKS-B and
OAKS-N can be found in Appendix B.1.

OAKS-B OAKS-B repurposes context from BABI-
Long (Kuratov et al., 2024), shifting the focus from static
fact retrieval to dynamic knowledge tracking and reasoning.
To achieve this, we reformulated the dataset in two ways:
(1) generated new questions that focus on state changes,
ensuring that answers vary depending on the part of the con-
text being considered and require synthesizing or reasoning
over multiple facts; (2) annotated answers at every time
interval explicitly tracking how facts evolve over the stream.
The resulting dataset includes four question types: tracking,
counting, bridge, and comparison. Tracking questions focus
on understanding frequent fact updates; counting, bridge,
and comparison questions require aggregation and reasoning
over multiple chunks. The dataset contains 1.2k questions
in total, a context length of 128k tokens (65 chunks), and an
average of 4.7 answer changes per question.

OAKS-N OAKS-N leverage full-length novels to pro-
vide contexts with natural narratives, rich storylines, dy-
namically interacting characters, and complex, concurrent
plotlines. For each of the 39 novels included, we gener-
ated an initial set of question candidates using Gemini 2.5
Pro (Gemini Team et al., 2025), which were subsequently
rigorously curated by human experts to ensure quality and
consistency. We recruited experienced freelancers famil-
iar with the books, investing a total of $17.4k to validate
answers and supporting evidence at each interval. These
annotators also refined or replaced low-quality questions,
generated missing answer options, and removed ambiguous
answer options, resulting in a final dataset filtered down
to 55% of the initial question pool. The final dataset con-
tains 870 multiple-choice questions (avg. 5.5 options) in
total, with an average book length of 150.6k tokens (77.6
chunks, ranging from 26 to 286), and an average of 4.7
answer changes per question.

2.2. Evaluation Setup and Metric

Setup As illustrated in Figure 1, we evaluate models over
a sequence of time-interval chunks. At each interval, the
model is asked the same set of questions based on all the
context observed so far, testing its ability to update, incor-
porate, or retain knowledge on the fly as new information
arrives. Formally, at interval t, a model M observes the
set of chunks up to t, St = {ci}ti=1, and for each question
qj ∈ Q predicts an answer pj,t = M(qj ,St).2

Metric We evaluate model performance using interval-
level accuracy. At each interval, we compare the model’s
prediction with the current ground-truth answer, assigning
a score of 1 for a match and 0 otherwise. These scores are
averaged across intervals to obtain a question-level accuracy,
which is subsequently averaged over the entire dataset to
compute the final benchmark score. Evaluation criteria and
formal definition of metric in Appendix B.2.

3. Evaluation Result
3.1. Overall results

In this section, we analyze key findings from Table 2, sum-
marizing the overall performance of the evaluated models
on OAKS-B and OAKS-N.

OAKS is difficult across various models The results
indicate that OAKS task remains challenging, with sub-
stantial room for improvement across all evaluated systems.
The average accuracy is 33.0% on OAKS-B and 52.9% on

2Our 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.
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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-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

OAKS-N for open-sourced models; 60.9% and 72.6% for
closed-sourced models. Even for the strongest closed-source
model, Gemini 3 Pro, performance reaches only 66.3% and
75.5%.

Performance tends to improve with a larger, better base
model Overall, performance generally scales with model
size within the same model family. Among models of com-
parable size, the Qwen3 family achieves higher accuracy
than alternatives. Further, comparing Qwen2.5 and Qwen3
shows that a stronger base model consistently leads to better
performance. Proprietary models like Gemini also tend to
consistently exhibit higher performance than open-source
models. MoE models perform comparably to fully dense
models of similar scale, even with a small number of active
parameters (e.g., Qwen3 30B vs. Gemma 3 27B).

Questions with many transitions are difficult When
comparing Sparse, Moderate, and Frequent subsets, which
are defined by the number of answer changes for each ques-
tion, we observe that the Frequent set, which contains ques-
tions with many transitions, poses greater challenges for
timely updates. We hypothesize that this degradation arises
because frequent answer changes lead to more dynamic
knowledge states, requiring models to repeatedly update
multiple facts while retaining previously valid information,
which exacerbates both tracking and retention difficulties.

Naive RAG shows limited effectiveness in OAKS When
comparing RAG with the Base setting, we observe different
patterns across the models and datasets, but modest drop
in performance on average: an improvement of 0.4% on

Sparse but a performance drop of 0.04% on Moderate and
0.8% on Frequent subsets. This suggests that a simple RAG
approach is insufficient for OAKS, particularly in the Fre-
quent subset, where knowledge evolves dynamically, and
multiple interrelated facts are distributed across overlap-
ping context chunks. We identify two main challenges: (1)
retrieval itself becomes difficult when many semantically
related chunks exist and questions often require reasoning
over multiple chunks (Press et al., 2023; Shao et al., 2025);
and (2) even with successful retrieval, prior work shows that
models are sensitive to input context and often struggle to
effectively process complex or irrelevant contexts, which
can rather degrade performance (Lee et al., 2025b; Mallen
et al., 2023). Retrieval performance in Appendix D.1.

Thinking improves performance, especially on complex
reasoning questions Inference-time scaling with thinking
processes leads to consistent improvements in overall accu-
racy. The most pronounced improvements are observed in
bridge-type questions (15.4%), which necessitate multi-hop
reasoning, integrating multiple factual sentences while si-
multaneously tracking various states within the context. It
suggest that the internal reasoning process of the thinking
mode offers the most substantial benefit when task complex-
ity is high. Details are in Appendix D.2

Agentic memory systems underperform naive RAG.
While MemAgent’s interval-based memory tracking training
objective aligns with our setting, its performance remains
limited due to the static questions and rewards computed
only after processing all chunks, rather than at each interval.
More analysis in Appendix D.3.
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Conclusion
In this paper, we introduce ONLINE ADAPTATION TO
CONTINUAL KNOWLEDGE STREAMS (OAKS), a bench-
mark for evaluating language models in the setting of on-
line adaptation to streaming, continually evolving knowl-
edge. We present two datasets, OAKS-BABI and OAKS-
Novel, which contain context incrementally revealed in
small chunks over long sequences and fixed questions each
with answers annotated for every interval to track evolving
facts. Experiments on 14 models with varying inference
strategies show that the task remains challenging even for
state-of-the-art models and agentic memory systems, espe-
cially under frequent knowledge updates and in later inter-
vals. We further find that models are easily distracted by
surrounding contextual information and often lose track of
previously identified states during the adaptation.

Limitations
Evaluation on OAKS entails extensive inference due to the
incrementally accumulating nature of the context. While we
have included 14 representative models in this study, due
to limited computational costs and API expenses, we could
not further test on broader range of architectures. Future
work could extend this benchmark to a more diverse set of
models to further generalize our findings.

Exploring even more complex natural texts with more fre-
quent or complex fact transitions would further enable anal-
ysis of scalability and error accumulation. Also, datasets
with contexts that are free from the model’s parametric
knowledge priors would provide a clearer lens on online
adaptation behavior.

Our current analysis focuses on inference-time adaptation
via incremental context accumulation. However, OAKS
also serves as a valuable testbed for parametric online learn-
ing, and future work could explore how models update their
internal weights to assimilate evolving knowledge.

Impact Statement
This paper presents work whose goal is to advance the field
of machine learning. There are many potential societal
consequences of our work, none of which we feel must be
specifically highlighted here.

References
Bai, Y., Tu, S., Zhang, J., Peng, H., Wang, X., Lv, X.,

Cao, S., Xu, J., Hou, L., Dong, Y., Tang, J., and Li,
J. Longbench v2: Towards deeper understanding and
reasoning on realistic long-context multitasks. ArXiv
preprint, abs/2412.15204, 2024. URL https://arxi

v.org/abs/2412.15204.

Budzianowski, P., Wen, T.-H., Tseng, B.-H., Casanueva,
I., Ultes, S., Ramadan, O., and Gašić, M. MultiWOZ
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A. Related Work
Continual Knowledge Learning and State Tracking
Benchmarks Real-world knowledge is inherently dy-
namic: facts can become outdated, remain invariant, or
require the incorporation of entirely new information. Thus,
there is growing interest in evaluating language models
under settings where knowledge evolves continually (Kim
et al., 2024c; Jang et al., 2022). However, existing bench-
marks typically involve a limited number of knowledge up-
dates and often expand the knowledge with divergent facts
rather than repeatedly updating the same underlying fact.
This makes it difficult to isolate and assess a model’s ability
to track continual updates to identical pieces of knowledge
over time. Our work addresses this gap by providing a fine-
grained evaluation of dynamic knowledge transitions at the
individual fact for the same question set.

We also draw on research in state tracking, which stud-
ies how models maintain evolving states (Kim & Schuster,
2023; Niu et al., 2024). It focuses on temporal consistency
and stepwise updates, which are similar to OAKS. However,
previous studies typically address short-term, structured
states, such as dialogue slots (Budzianowski et al., 2018;
Lee et al., 2019), whereas OAKS focuses on open-ended,
continually updating knowledge states over long horizons
in an online setting, evaluating a model’s ability to maintain
temporal consistency across a long-term continuous stream
of information without updating parameters and keeping in
context.

Online Adaptation of Streaming Inputs In real-world
scenarios, knowledge often arrives sequentially over time,
requiring models to continuously update their internal
knowledge based on streaming inputs, rather than being
presented in a static, offline format where all relevant in-
formation is available upfront. Prior research on online
learning in the text domain has focused on self-evolving,
lifelong agents that acquire new capabilities or task-level
skills over time (Zheng et al., 2025a; Wei et al., 2025) or
synthetic facts with small updates (Wu et al., 2023; Lyu
et al., 2025). These works emphasize agent competence
or behavior, but largely operate at the granularity of tasks
rather than individual pieces of knowledge. However, evalu-
ating fine-grained knowledge updates (i.e., when and how
specific facts change) is important, as failures to incorporate
small but relevant updates can propagate and accumulate
into larger errors when such knowledge is reused or com-
posed in downstream tasks. Inspired by streaming or online
video benchmarks (Lin et al., 2024; Xu et al., 2025a), we
introduce, to the best of our knowledge, the first bench-
mark in the text domain that explicitly evaluates streaming
knowledge updates at the granularity of individual facts.
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Benchmarking Online Adaptation to Continual Knowledge Streams

Long-Context Understanding Benchmarks With recent
LLMs able to process increasingly long contexts, a vari-
ety of benchmarks have been proposed to measure long-
context understanding. Synthetic benchmarks, e.g., Needle-
in-a-Haystack (Kamradt, 2023; Liu et al., 2024), evaluate
a model’s ability to retrieve specific information embed-
ded within lengthy inputs, where the target information is
sparsely embedded and not strongly correlated with the sur-
rounding context. Other works adopt more naturalistic or
conversational settings. For example, long-context dialogue
datasets (Maharana et al., 2024; Wu et al., 2025; Lee et al.,
2025a; Wan & Ma, 2025) require models to answer ques-
tions based on extended conversations or narrative formats.
There are also benchmarks using long-form documents or
novels, where models must answer questions using the full
text. Moreover, agent-based benchmarks (Hu et al., 2025;
Wang et al., 2025) evaluate long-context reasoning through
interaction with an external environment. Our task is similar
in that it also involves long contexts, but differs by focus-
ing on continually updating knowledge in an online setting.
To capture this, we segment the long context into tempo-
ral chunks and annotate answers for each question at every
chunk, enabling evaluation of a model’s ability to track and
update knowledge over time.

B. ONLINE ADAPTATION TO CONTINUAL
KNOWLEDGE STREAMS

B.1. Dataset

B.1.1. DATA STATISTICS

Partition based on frequency of answer changes per ques-
tion We partition each dataset into three subsets based on
the frequency of answer changes per question. We define
the bins such that the number of samples in each group is
approximately balanced, while ensuring that all questions
with the same number of changes are assigned to the same
group to maintain consistency in our analysis on how the
number of answer changes affect on performance. The re-
sulting distributions are in Table 3. Both of our datasets
are in English. Figure 2 shows the frequency distribution
of answer changes per question. For OAKS-B, the subsets
correspond to 2–3, 4–5, and 6–20 changes, respectively; for
OAKS-N, the ranges are 2–3, 4, and 5–19 changes.

Since our dataset includes sentence-level evidence annota-
tion for each answer, we could perform sentence-wise fine-
grained evaluation using sentence as the data unit. However,
this would be computationally expensive, as it would require
running inference for every sentence. Therefore, we adopt
2k token chunks as the dataset unit for evaluation.

Dataset Total Sprs. Mod. Freq.

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

Table 3. Distribution of answer change frequency across datasets:
Sparse (Sprs.), Moderate (Mod.), and Frequent (Freq.)
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Figure 2. Frequency distribution of answer changes per question
for OAKS-B and OAKS-N.

B.1.2. OAKS-BABI

BABILong OAKS-B uses a sample of context from BA-
BILong (Kuratov et al., 2024), which builds on the bAbI
benchmark (Weston et al., 2016) fact-based world state
(e.g., ”Mary moves from kitchen to hallway”), which is
interleaved within long-form novels to evaluate retrieval
and reasoning under high distractor density. BABILong is
under Apache License, Version 2.0, and the license of the
dataset used when constructing BABILong is PG-19 cor-
pora (Rae et al., 2020) under Apache 2.0 License and bAbI
dataset (Weston et al., 2016) under BSD License.

Dataset Construction Process We sampled 12 examples
from the original BABILong dataset (Kuratov et al., 2024),
each containing a sufficient number of facts (average 87) to
generate questions that capture knowledge transitions, with
an average of 4.7 answer changes per question (ranging
from 2 to 20). Algorithm 1 illustrates how we construct
the four question types, where the question templates P
are listed in Table 4 and the canonical verb groups V ∈
{Move, Acquire, Discard, Transfer}. The algorithm can be
easily applied to generate additional questions whenever
a sufficient number of transitional facts are available. To
avoid potential confusion between the novel content and
original bAbI facts, we modified location and character
names. Texts are split into chunks of 2k tokens using the
GPT-NeoX tokenizer.

Data Statistics and Question Types of OAKS-B Track-
ing questions focus on a single state but involve frequent fact
updates, experiencing 9 state updates per question, while
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Benchmarking Online Adaptation to Continual Knowledge Streams

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 4. 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.

others have 4.6 on average. Comparison and bridge ques-
tions require reasoning over multiple context chunks, while
counting questions require tallying actions or occurrences.
Representative examples and the distribution of question
types are provided in Table 5. Overall, the dataset contains
a total of 1.2k questions, context split into 65 chunks of 2k
tokens and including 87 facts on average, and the average
number of answer changes per question is 4.7.

B.1.3. OAKS-NOVEL

Book Selection We utilize novels as the foundational
context for generating questions in OAKS-Novel, as they
present multiple entities whose states evolve dynamically
alongside the narrative. Moreover, literary narratives fre-
quently incorporate flashbacks, temporal jumps, and spec-
ulative future scenarios, all of which make it difficult for
models to accurately track and integrate temporal dynam-
ics. The evidence for each question is subtly woven into
the text, mirroring the nuanced, context-rich situations lan-
guage models face in real-world use. To ensure a sufficient
density of state transitions in a story, we select novels from
adventure, mystery, and science-fiction genres, which are

plot-driven or narratively rich.

Dataset Construction Process After obtaining the main
narrative text3, we segmented the text into chunks of ap-
proximately 2,000 tokens using the gpt-neox tokenizer. To
preserve narrative coherence, sentences separated by new-
line characters in the original text were kept within the same
chunk whenever possible, preventing semantically related
content from being split across chunks.

After annotation, each question included between 5 and 15
answer options (5.5 on average), comprising both correct
and distracting options. By default, all questions included
the option ”We cannot answer this question at this point,”
which was intended to be selected only before the relevant
information appears in the narrative. Once a valid answer
option becomes available, this option never becomes an
answer. The order of answer options was randomized when
finalizing the dataset.

3We removed non-content elements such as titles, author names,
and tables of contents, as these could interfere with model evalua-
tion by hinting prior knowledge acquired during pretraining.
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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 5. Overview of Question Types, Statistics, and Examples for OAKS-BABI dataset. This table describes the four main categories of
questions found in the dataset.

Representative examples of the annotated questions and
answer transitions are provided in Table 6.

QA draft generation Initial drafts of questions and an-
swer options for each book were generated using Gemini
2.5 Pro (Gemini Team et al., 2025). To ensure broad cov-
erage of the narrative and to capture diverse aspects of the
story, we adopted a two-step generation procedure. First, we
identified the main entities in each novel—such as central
characters or key objects—by prompting the model with
the full text of the book (see Prompt 1). Second, for each
identified entity, we generated questions that synthesize in-
formation distributed across multiple chunks of the narrative.
These questions were designed to either require multi-hop
reasoning or track states that evolve over the course of the
story (see Prompt 2).

Reason for choosing Multiple Choice While answers in
OAKS-B are typically stated explicitly, open-ended genera-
tion for OAKS-N often yields many valid surface forms for
the same underlying answer. This makes automatic evalu-
ation less reliable (Bai et al., 2024; Wang et al., 2024). To
enable consistent scoring, we therefore cast OAKS-N as a
multiple-choice QA task. Each question has at least five op-
tions, including distractors, to keep the difficulty consistent
and to challenge models that have not closely tracked the
narrative details.

Manual Curation and Quality Control To ensure that
each question is objectively answerable at any point in the
narrative, annotators filtered or refined low-quality ques-
tions, created new questions, aligned answer options with
the source text, and annotated explicit supporting evidence
for each state transition. Through this rigorous process, only
55% of the initial questions were retained or re-formulated
as high-quality.

Discarded questions mostly resembled conventional reading-
comprehension questions that are answerable only after

reading the entire book. The removed questions primarily
fell into three categories: (i) questions that merely stitched
together information from multiple chunks thus reduced
to evidence searching rather than state tracking; (ii) ques-
tions that exhibited only a single state change but did not
require multi-chunk reasoning or multi-hop inference; and
(iii) questions whose answer options were unsupported by
the surrounding context or appeared simultaneously within
the same chunk.

Beyond filtering out low-quality questions, the annotators
and authors extensively revised the remaining questions to
ensure that each question was objectively answerable at any
point in the narrative and that exactly one answer option was
correct at each chunk. For example, questions that asked
about a state’s evolvement were revised to ask the status at
specific point in the story. (e.g., How does Mr. Darcy’s
assessment of Elizabeth Bennet’s appearance evolve? →
What is Mr. Darcy’s latest assessment of Elizabeth Bennet’s
appearance? ) Similarly, when a state was revealed cumu-
latively over time, we reformulated questions to target the
most recent revelation(e.g., What are the different names or
identities Erik is known by? → What term has been most
recently introduced to describe the man who lives at the
opera?), rather than the entire accumulated state, ensuring
that exactly one answer option is correct at each point in the
narrative.

Answer options were also carefully curated: unsupported
options were removed, contextually necessary options were
added, and cases where multiple options appeared within
the same chunk were consolidated. This process ensured
that the answers remain well-defined and that only a single
option was valid for each chunk. Throughout this process,
the validity of the question or answer options and the cor-
rectness of the selected answers were jointly reviewed and
discussed by at least two annotators or authors.

Human Annotation Via Upwork, we hired 18 experi-
enced freelancers who were native English speakers from
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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 6. 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.

USA and had already read the selected books. Compen-
sation per book ranged from $50 to $850, depending on
book length and the number of initial draft questions, with a
total annotation cost of $17,400. Beyond the core question-
answer annotation task, compensated at approximately $20
per hour with an average workload of 14 hours per book,
we additionally provided payment for high-quality question
generation and substantial question–answer revisions.

Annotators were provided with (i) the novel text segmented
into chunks and (ii) a spreadsheet containing the questions
and answer options. For each question, annotators labeled
the correct answer at every chunk, and revised or removed
questions and answer options. Whenever an answer changed
from previous answer, annotators were required to copy and
paste the exact evidence sentence from the corresponding
chunk that justified the answer transition.

The authors subsequently conducted a thorough verification
of all annotated files to ensure consistency and correctness.
This included checking that (i) each question had exactly
one valid answer per chunk, (ii) the cited evidence explic-
itly appeared in the specified chunk and correctly supported
the selected answer, (iii) the cited evidence aligns with the

chunk the answer was chosen, and (iv) each question con-
tained at least five answer options, including distracting
options.

The full annotation instructions provided to the annotators
are included in Instruction 1 to 4. To ensure high-quality
annotations and alignment with our research goals, we pro-
vided the annotators with an explanation on academic pur-
pose of the study. The annotation process was conducted
transparently through the Upwork platform, ensuring fair
labor practices, after internal ethics review.

B.1.4. DATASET SAFETY

To ensure data privacy and ethical standards, for OAKS-B,
we modified all location and character names using ran-
domized, non-existent strings to ensure they do not refer to
real-world individuals or locations. The factual sentences
in the widely used original bAbI benchmark (Weston et al.,
2016) consist of mundane descriptions of daily activities
and contain no offensive content. For OAKS-N, the founda-
tional contexts are derived from existing, publicly available
novels.

13



715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755
756
757
758
759
760
761
762
763
764
765
766
767
768
769

Benchmarking Online Adaptation to Continual Knowledge Streams

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

B.2. Evaluation Setups and Metrics

B.2.1. EVALUATION CRITERIA

After extracting the final answer from the model’s predic-
tion, we compare it against the ground-truth answer using
normalized text. To ensure a robust benchmark, correctness
is assessed using an exact-match criterion. For OAKS-N,
where models are prompted to respond with a single char-
acter corresponding to an answer option, we extract and
evaluate that character directly.

For OAKS-B, to mitigate the ambiguity of open-ended gen-
eration, we conditionally allow multiple equivalent answer
forms only under the following cases: (i) Counting-type
questions: we accept both numeric and textual represen-
tations (e.g., once, twice, three times). (ii) Counting-type
questions before the relevant information is revealed: we
accept both Unknown and 0. (iii) Comparison-type ques-
tions before valid evidence is encountered: we accept both
Unknown and Same.

B.2.2. METRICS

For OAKS-BABI and OAKS-Novel, we evaluate a model
with Accuracy and analyze fine-grained behavior over three
additional metrics: Acquisition Latency (AL), Distraction
Susceptibility (DS), and Phase Miss rate (PM).

Accuracy Accuracy measures the proportion of time inter-
vals where the model predicts the correct answer for a given
question. We then average the score over all questions. We
provide a formal definition below.

Given our dataset consisting of C chunks C = {ci}Ci=1 and a
question set Q = {qj}Qj=1 with corresponding ground truth
answers A = {ai,j}Q,C

j=1,i=1, a model M is asked to predict
an answer given a set of chunks St = {ci}ti=1 up to a certain
interval t. Let the model’s prediction be pj,t = M(qj ,St).

Then the Accuracy of model M is defined as:

Accuracy =
1

Q

Q∑
j=1

1

C

C∑
i=1

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

Acquisition Latency (AL) AL describes how quickly or
slowly it takes the model to adapt to a new state relative to
the length of all sequence. For each phase, we count the
number of incorrect predictions before a correct prediction
(lag intervals) and obtain the proportion of the whole inter-
vals. Then, we compute the average over all the questions.

Mathematically,

• let Nj be the total number of distinct phases for question
qj ,
• let Tk,j be the k-th phase for qj and |Tk,j | its duration,
• let at,j be the ground truth answer at interval t for ques-

tion qj .

Define

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

as the first time step in phase Tk,j where the models answers
qj correctly. If the model is never correct, we define τk,j =
0.

AL metric is defined as:

AL =
1

Q

Q∑
j=1

1

C

Nj∑
k=1

(τk,j − 1) · 1[τk,j > 0] (2)

Distraction Susceptibility (DS) DS measures the distrac-
tion rate of a model. For each phase, we quantify DS by
counting the number of incorrect predictions after its first
correct prediction (number of lapses) and average the ratio
of all intervals and over all questions.

DS metric is defined as:
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Algorithm 1 OAKS-BABI dataset construction

Require: Narrative facts F , Question Templates P , Canon-
ical Verb Groups V

Ensure: Dataset D =
{(Question, T imeline Answers)}
S ← Empty entity state dictionary
{1. Knowledge Extraction and State Logging}
for each facti in F do
(s, v, o, [r])← ParseSentence(facti)
vcanon ← Normalize(v,V)
S[s][vcanon]← S[s][vcanon] ∪ {(o, t)}
S[o][vcanon]← S[o][vcanon] ∪ {(s, t)}
if vcanon = VERB P (Transfer) then
S[r][get]← S[r][get] ∪ {(o, s, t)}

end if
end for
{2. Temporal Question Synthesis}
D ← ∅
for each entity in S do

for each template in P do
Q← FillTemplate(template, entity)
Actions← RetrieveActions(S, entity, template)
T ← GenerateTimeline(Actions, length = |F|)
if CountChanges(T ) > 0 then

// Save only the ones with more than one change
D ← D ∪ {(Q,T )}

end if
end for

end for
output D

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)

Phase Miss rate (PM) PM measures the rate at which a
model completely fails to capture the correct state through-
out an entire phase. We quantify PM by summing up the
duration of each phase where the model missed completely
and averaging the ratio of all intervals over all questions.

PM is defined as:

PM =
1

Q

Q∑
j=1

1

C

Nj∑
k=1

|Tk,j | · 1[τk,j = 0] (4)

B.2.3. STATISTICAL RELIABILITY

Due to the incremental nature of our evaluation, where
models must perform inference at every interval, the total
number of required inferences is exceptionally high. Specif-

ically, for each model, the total inference count is calculated
as D × C × Q, where D represents the number of docu-
ments(books), C the number of chunks per document, and
Q the number of questions per interval. This results in
approximately 78k inferences for OAKS-BABI and 67k
for OAKS-Novel per model. The baseline experiment on
Qwen3-30B model required approximately 125 GPU hours
on Nvidia A100 GPUs. Given the substantial computa-
tional cost, we report results from a single comprehensive
run for each model rather than multiple trials with differ-
ent seeds. However, the sheer volume of evaluation points
across thousands of unique context-question pairs provides
a high degree of consistency and statistical significance for
our comparative analysis.

C. Experimental Setup
C.1. Base Models

We assess the proposed dataset on a total of 14 language
models, including both open-source and proprietary sys-
tems, across a wide spectrum of model scales. Because
long-context capacity and architectural design vary substan-
tially across models, we summarize these characteristics in
Table 7.

C.1.1. RAG

Retrieval is restricted to chunks from previous time intervals,
with chunk indices added to preserve order (i.e., no access to
future information). Unless otherwise specified, we retrieve
the total 30 relevant memory chunks from top, including
both directly matched chunks and those linked through the
framework’s internal structure.

C.1.2. AGENTIC MEMORY SYSTEMS

HippoRAG-v2 (Gutiérrez et al., 2025) is a graph-based re-
trieval framework built on Personalized PageRank. MemA-
gent (Yu et al., 2025) is designed for long-context processing
with linear computational complexity, partitioning inputs
into chunks and incrementally updating memory by com-
bining prior memory with newly observed chunks at each
timestamp, trained using GRPO. A-Mem (Xu et al., 2025b)
is an agentic memory system inspired by the Zettelkasten
method and organizes memory as an interconnected knowl-
edge network through dynamic indexing and bidirectional
linking.

C.1.3. CONTEXT REPRESENTATION

Baseline When evaluating on OAKS-N, for models
whose maximum sequence length is shorter than 1M tokens,
we adopt a rolling-window strategy that always fills the
model’s full context length, discarding the earliest chunks
as new chunks are appended. For ultra-scale models such as
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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 7. Model Architecture and Performance Settings. Attention architecture of Qwen3-80B is a Hybrid of Gated DeltaNet and Gated
Attention)

Qwen3-235B, we cap the maximum model length at 133k
tokens, since inference with the full length cannot be ex-
ecuted on a single 8 H100 node. The maximum context
length used for each model in the baseline concatenation
setting is reported in the final column of Table 7.

RAG To evaluate the models’ tracking performance un-
der a Retrieval Augmented Generation(RAG) setting, we
structured the retrieval process and prompt formatting as
follows:

• Indexing and Retrieval: We build a vector index
where each entry is formatted as ”# chunk index :
{chunk idx}, context: {chunk text}”.
For a given question qj at interval t, we perform a
similarity search using a query that incorporates the
chunk index to maintain structural consistency with ”#
chunk index : {chunk idx}, question:
{question}”
• Prompt Construction: The top k retrieved chunks

are then prepended to the model’s input prompt. To
ensure the model can distinguish between different
retrieved fragments, we use a structured list format as ”-
Retrieved context:\n# chunk index :
{chunk idx}, context: {context}\n#
chunk index : {chunk idx}, context:
{context}”

For RAG+R.W, the RAG component is only activated
when the total available context exceeds the current
window size (t > w), where w denotes the window
size, utilizing the historical chunks beyond the window
for retrieval. The context is distinguished from each
other with the format: ”- Retrieved context:\n#
chunk index : {chunk idx}, context:

{context}\n# chunk index : {chunk idx},
context: {context}\n\n # Recent Chunks:
{context}\n{context} ” and the interval informa-
tion is embedded into the question as well ”Current
Head Index : {chunk idx}, question:
{question}”

C.1.4. INFERENCE PARAMETERS

For inference, we generally follow the best practices rec-
ommended by the model providers when available. As a
default configuration, we adopt the settings used for the
Qwen3 series: a temperature of 0.7, top-p of 0.8, and top-k
of 20. Some models use provider-specified configurations
that differ from this baseline, including Qwen3-Next-80B
(temperature 0.6, top-p 0.95, top-k 20) and Qwen3-30B-
Thinking (temperature 0.6, top-p 0.95, top-k 20). For Gem-
ini 2.5 Flash and Gemini 2.5 Pro, we use the default setup of
temperature 0.0, top-p 0.95, and top-k 40. We generate up to
4096 tokens for all models. When querying Gemini with the
thinking process enabled, we use the model’s default mode,
where it automatically budgets up to 8192 thinking tokens.
For Gemini 3.0 Pro, we extended the maximum generation
tokens to 32,768 in cases where the model exhausted the
initial 4k-token limit in thinking mode without returning a
final answer.

When the concatenated context exceeds a model’s default
context length and the model supports context extension
via YaRN, we expand the maximum sequence length ac-
cordingly, following the procedures specified in the official
documentation.

Experiments were conducted using 4 or 8 A100 80G GPUs,
8 H100 80G GPUs, or 4 H200 140G GPUs based on the
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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 8. Accuracy (%) of Qwen3-30B on OAKS-B and OAKS-N
under different context construction strategies. We compare base-
line 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).

model size and availability.

C.1.5. INFERENCE PROMPT

The prompts used to evaluate models on OAKS-B and
OAKS-N are provided in Prompt 3 and Prompt 4, respec-
tively. The task description is shared across the two bench-
marks; however, the only difference lies in (i) how the
“not answerable” option is defined and (ii) the output for-
mat. Specifically, OAKS-B requires open-ended generation,
whereas OAKS-N requires selecting from predefined an-
swer options. Our prompts are adapted from the original
prompt used in the BABILong benchmark (Kuratov et al.,
2024) and follow the best practice described in official doc-
ument of Qwen3. To ensure deterministic evaluation, espe-
cially for models prone to divergent outputs, we appended
a strict formatting constraint to the system prompt, where
the model was instructed to conclude every response with a
standardized template: ”## Answer: [CHAR]”.

D. Evaluation Result
D.1. Analysis on Performance of RAG and RW

No clear winner on optimal context construction strate-
gies. Table 8 compares different context construction
strategies under long-context constraints, including the Base
setting, RAG, Rolling Window (RW), which retains only the
most recent 30 chunks, and their combination (RAG+RW).
While each strategy improves performance over the Base
setting in most cases, no single approach consistently dom-
inates across datasets. Specifically, RAG achieves the
best performance on OAKS-B (+2.0%), suggesting that
relevance-based evidence localization is effective when
salient evidence is clearly distinguishable from background
context. In contrast, on OAKS-N, RAG degrades perfor-
mance (-1.8%), whereas the combined RAG+RW strategy
performs best (+1.8%). We hypothesize that this is because
novels are narrative-heavy contexts with complex temporal
structure. Thus, even when retrieval is successful, mod-
els may struggle to effectively integrate retrieved passages,
while the additional RW component preserves temporally

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 9. Accuracy (%) of Qwen3-30B and Gemini 2.5 with RAG
on OAKS-N by answer change frequency with and without Think-
ing Mode.

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

aligned context, facilitating better understanding and uti-
lization of accumulated long-term history (Han et al., 2025;
Gutierrez et al., 2024; Lee et al., 2024).

Performance by number of context chunks in RAG and
Rolling Window Figure 3 illustrates the performance of
the retriever, Qwen3-Embedding-0.6B (Zhang et al., 2025),
reporting the Pass@k metric as a function of the number
of retrieved chunks. Given that our dataset necessitates the
synthesis of multiple pieces of evidence, a single chunk
rarely contains the complete ground truth. For the purpose
of this analysis, however, we proxy the gold truth as the
chunk of the state transition within the current phase. We
observe that retriever performance increases monotonically,
approaching near-perfect recall as k reaches 60.

Figure 4 and Figure 5 present the performance as a function
of the number of chunks in RAG and RW on OAKS-B
and OAKS-N, respectively. In both settings, increasing the
number of chunks initially improves the performance but
peaks around 30 chunks.

D.2. Thinking improves performance, especially on
complex reasoning questions

Inference-time scaling with additional intermediate think-
ing processes (Wei et al., 2022; OpenAI et al., 2024; Ko-
jima et al., 2022; DeepSeek-AI et al., 2025) consistently
improves performance on OAKS. Table 10 compares mod-
els with and without thinking mode for Qwen3-30B and
Gemini 2.5. In OAKS-B, most question types other than
tracking type require reasoning over multiple pieces of evi-
dence distributed across non-contiguous chunks. Enabling
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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 11. 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.

thinking mode leads to consistent improvements in overall
accuracy, where the most pronounced improvements are ob-
served in bridge-type questions (15.4%). Bridge questions
are inherently more challenging as they necessitate multi-
hop reasoning, integrating multiple factual sentences while
simultaneously tracking various states within the context.
In contrast, counting-type questions require tracking only a
single state with high precision; thus, the performance gain
is relatively marginal (8.0%). These results suggest that
the internal reasoning process of the thinking mode offers
the most substantial benefit when task complexity is high,
particularly requiring the simultaneous tracking of multiple
independent states.

Result on OAKS-N Table 9 presents the performance
results on OAKS-N. Unlike the results observed in OAKS-
B, the activation of Thinking mode in OAKS-N leads
to a performance degradation. While OAKS-B is a syn-
thetic dataset specifically designed to require explicit multi-
evidence integration, OAKS-N necessitate implicit multi-
hop reasoning woven into a naturalistic narrative. We hy-
pothesize that inference-time scaling is most effective for
tasks with high structural complexity, such as those requir-
ing the simultaneous tracking of multiple states as seen
in OAKS-B, rather than the nuanced linguistic extraction
required by OAKS-N.

D.3. OAKS is difficult for even agentic memory systems

Table 11 shows the performance of agentic memory sys-
tems built on Qwen2.5-7B-Instruct4 in OAKS-B. Overall,
agentic memory methods underperform naive RAG in ag-
gregated accuracy. However, on the Moderate and Frequent
subsets, they show competitive or improved performance,
with MemAgent achieving the best results. This is likely due
to MemAgent’s interval-based memory tracking training ob-
jective, which aligns with our evaluation setting that requires
continual tracking of dynamic knowledge. Nonetheless, its

4We chose Qwen2.5-7B-Instruct as MemAgent was trained on
top of it.

performance remains limited because training is based on
static question types with rewards computed only after pro-
cessing all chunks, rather than at each interval. These results
highlight OAKS as a challenging benchmark even for such
agentic memory systems due to its frequent, fine-grained
knowledge updates. More analysis in Appendix D.1.

D.4. Difference by dataset

We observe that the average score for OAKS-B (39.4%) is
lower than that of OAKS-N (57.5%). We conjecture that the
multiple-choice format of OAKS-N introduces a restricted
answer space,5 and that the narratives within OAKS-N
may still be susceptible to the influence of prior knowledge
bias. The lower performance on OAKS-B may be attributed
to its synthetic design, which allows for the creation of
intrinsically more complex and difficult tasks.

E. Analysis
In this section, we present a detailed analysis of models’
behavior on OAKS. We focus primarily on OAKS-B to
control for models’ prior knowledge (Appendix D.4) with
Qwen3-30B unless otherwise specified.

E.1. Fine-grained analysis of predicted knowledge
transition behavior

To analyze how models track evolving factual knowledge,
we categorize their behavior under two ground truth (GT)
scenarios: GT Phase Transitions and No GT Transition,
where the phase changes or stays, respectively.6 Table 12
shows the average frequency of different behavioral patterns
across all intervals. The model’s predicted transition be-
havior is defined by two factors: (1) whether the model’s
predicted answer Changes or Stays relative to the previous
prediction, and (2) whether the resulting answer is correct
(✓) or incorrect (✗). For descriptive purposes, we map
these combinations to specific behavioral archetypes (e.g.,
Adaptability). We provide a schematic illustration of
these behaviors, full results, and additional analysis in Ap-
pendix ??.

Enabling explicit thinking alters transition behavior
Across both Qwen3 and Gemini 2.5, enabling “think-
ing mode” consistently shifts model behavior. Non-
thinking variants exhibit a higher rate of Prescience,
Stubbornness, and Obstinacy, indicating that it
tends to retain previous answers even when an update is re-
quired. In contrast, thinking-enabled models show a higher

5A random baseline can achieve an expected accuracy of
18.6%.

6Since 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 12. Analysis of knowledge tracking behavior on OAKS-B. The table shows the average occurrence rate of specific 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: ✗).

rate of Adaptability and Stability, suggesting ex-
plicit reasoning improves both transition timing and answer
correctness.

Different models exhibit distinct transition behavior
Comparison over different non-thinking models shows a
distinct behavior in how often they change predictions. GPT-
OSS and Qwen3 exhibit a higher overall change rate (C, avg
63.2%) than stay rate (S, avg. 36.8%). In contrast, Gemini
2.5 and Gemma 3 exhibit a higher stay rate (S, avg. 55.8%)
compared to the change rate (C, avg 44.2%). This is also
reflected in their dominant error modes: Volatility
and Obstinacy, respectively. These results suggest
model-specific biases toward either over-updating or under-
updating knowledge.

Models often detect true transitions but frequently make
unnecessary updates We analyzed which behavior is
dominant under each GT scenarios. Under GT Phase
Transitions, Adaptability is the most frequent behav-
ior (38.1%), indicating that models often detect true tran-
sitions. In contrast, No GT Transition is dominated by
Volatility (32.1%), showing that models frequently
update even when the underlying fact remains unchanged.
This suggests that models tend to be sensitive to true knowl-
edge updates but also prone to unnecessary changes, likely
due to interference from surrounding contextual informa-
tion.

E.2. Intra-phase analysis shows trade-off between phase
capture and stability

To evaluate the models’ intra-phase behavior at finer gran-
ularity, we categorize error intervals into three cases and
score separately: Acquisition Latency (AL), Distraction Sus-
ceptibility (DS), and Phase Miss rate (PM). AL quantifies
the delay between a ground-truth state transition and the first

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

correct prediction; DS measures the frequency of incorrect
predictions after an initial correct prediction within a phase;
PM denotes phases in which the model gets all wrong. Same
as Accuracy, all metrics are normalized by the total number
of intervals per question and averaged across questions.

Table 13 presents a comparative analysis of metrics across
representative models with similar accuracy. Although
Gemma 3 and GPT-OSS achieve comparable performance,
Gemma 3 exhibits a substantially higher PM rate, indicating
failure to capture some phase entirely, whereas GPT-OSS,
with high volatility, successfully captures each phase
at least once, resulting in lower PM but higher AL and DS.
Comparing the thinking vs. non-thinking model of Qwen3-
30B and Gemini 2.5 Flash, we find that accuracy gains are
primarily driven by the models’ improved ability to capture
ground-truth states at least once per phase, as reflected by
substantially reduced PM rate. However, higher DS of the
thinking model implies that contextual distraction, where
the model loses track of a previously identified state as the
input length increases, remains a persistent challenge.
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E.3. Failure modes vary across question types in
OAKS-B

Figure 6 analyzes model performance across OAKS-B ques-
tion types with varying reasoning demands and number of
chunks to attend to. Bridge questions require simultaneous
tracking and updating of multiple states, resulting in the
highest DS due to increased interference from monitoring
multiple entries. Comparison questions remain relatively
high performance, likely not because they are easier, but
because the candidate answers are embedded inside the
question, similar to multiple choice questions, reducing the
search space. Tracking-type questions, even though involv-
ing only a single piece of evidence, remain challenging with
the highest PM rate, due to its frequent state transitions (8.8
vs. 3.7-5.7 in other types). Collectively, these results in-
dicate that different question types induce distinct failure
modes in streaming contexts, many of which stem from
difficulties in fine-grained fact tracking.

E.4. Accuracy degrades at later intervals

Figure 7 shows that average accuracy at each interval de-
grades at later intervals. This degradation is more pro-
nounced in OAKS-B, where the supporting evidence typ-
ically appears only once; if the model fails to capture it
when it first appears, the error persists and accumulates in
subsequent intervals. Within OAKS-B, bridge and tracking
questions exhibit the largest degradation, as they are more
vulnerable to missed evidence and compounded errors over
time. In contrast, OAKS-N show more stable performance,
likely because relevant information is often revisited across
intervals, partially mitigating error accumulation.
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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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Benchmarking Online Adaptation to Continual Knowledge Streams

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 the ‘source‘ tab.
3. Generate at least five new questions that fit the same dynamic-tracking criteria. (Read [Guidelines 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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Benchmarking Online Adaptation to Continual Knowledge Streams

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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Benchmarking Online Adaptation to Continual Knowledge Streams

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.

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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Figure 3. Pass@k performance as the number of context increases
for retrieval in RAG on OAKS-B and OAKS-N
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Figure 4. Accuracy (%) on OAKS-B across different numbers of
context chunks in RAG and RW.
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Figure 5. Accuracy (%) on OAKS-N across different numbers of
context chunks in RAG and RW.
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Figure 6. Accuracy (%) across different question types of OAKS-
B.
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Figure 7. Accuracy (%) across the timestep where the question is
asked.
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