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Liangyu Wang Yifan Xu Mateusz Ostaszewski Dandan Guo Wenyi Wang
Yanning Dai Yuhui Wang Jürgen Schmidhuber
King Abdullah University of Science and Technology (KAUST)
§ https://nanboli.github.io/notebank-page

ABSTRACT

Linear attention promises the efficiency needed for long-context language mod-
elling, yet its fixed-size recurrent state must simultaneously support ongoing com-
putation and preserve information from an ever-growing history. This coupling
has reinforced a prevailing view that the state’s memory capacity defines the
model’s long-context capability. We challenge this presumed ceiling: recurrent
computation need not bear the full burden of long-term storage. We introduce
NoteBank, a sparse episodic memory that archives selected text before future
queries are known, uses the backbone’s native features for writing and address-
ing, and reads retrieved evidence through its native forward computation via re-
play. This training-free, plug-and-play interface requires no external embedding
model, separately trained retriever, or separate neural reader. At one million to-
kens, it raises Gated DeltaNet’s mean accuracy across six RULER retrieval tasks
from 1.7% to 70.3%, with no observed significant retrieval degradation from 4K
to 1M tokens. This recovery adds ⩽0.025% to analytical FLOPs, with persis-
tent context storage approximately 1/2,600 that of a Transformer’s full MHA KV
cache at matched width, depth, and precision. Experiments extend from three 1.3B
recurrent backbones to Mamba-2-8B and post-trained Qwen3.5-9B, demonstrat-
ing gains on LongBench v1/v2 and MemoryAgentBench. Together, these results
show that sparse evidence storage and native replay can substantially expand the
long-context capability of pretrained linear attention models while retaining the
efficiency of recurrent computation.

1 INTRODUCTION

Long-context capability enables language models to reason over extensive documents, conversa-
tions, codebases, and interaction histories. Yet making these histories available to a model is costly:
full softmax attention (Vaswani et al., 2017; Shazeer, 2019) requires quadratic attention compu-
tation during context processing and a key–value cache that grows linearly with sequence length.
Linear attention (Schmidhuber, 1992a; Katharopoulos et al., 2020; Schlag et al., 2021) offers a dif-
ferent way to carry information forward. Rather than retaining a separate representation for every
past token, it compresses history into a fixed-size memory state that is updated as each new token
arrives. This compact representation enables linear-time sequence processing with a constant-size
attention state (Sun et al., 2023; Peng et al., 2023; Yang et al., 2024a; Qin et al., 2024). Its prac-
tical relevance is reflected in recent large-scale hybrid models such as Griffin (De et al., 2024),
Jamba (Lieber et al., 2024), Nemotron-H (NVIDIA, 2025), MiniMax-01 (Li et al., 2025), Qwen3-
Next and Qwen3.5 (Team, 2025; Qwen Team, 2026a;b), and Kimi Linear (Kimi, 2025; Moonshot
AI, 2026), which combine recurrent linear-attention layers with softmax attention to improve infer-
ence efficiency.

This efficiency, however, comes from asking a single recurrent state to serve two roles: ongoing
computation and long-term memory (Schmidhuber, 1992b; Hochreiter & Schmidhuber, 1997; Wang
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Figure 1: NoteBank (NB) recovers million-token retrieval with negligible compute overhead.
a, Mean accuracy over six RULER-NIAH retrieval tasks for three pretrained 1.3B recurrent mod-
els, without NoteBank (dashed) and with training-free top-2 note replay (solid). b, At 1M tokens,
NoteBank adds ⩽0.025% layer-level analytical FLOPs across the three backbones (GDN shown).
GDN + NoteBank requires 74.5 MiB of persistent context storage, including its recurrent state—
approximately 1/2,600 of the 192 GiB MHA KV cache at matched width, depth, and BF16 pre-
cision. Square areas represent storage, with a magnified inset for NoteBank. FLOPs include all
evaluated stages at the full-model level and matched output length; they do not measure runtime.
Storage excludes model weights and transient workspace.

et al., 2025a). These roles impose competing demands as context grows: computation requires the
state to continually transform and compress history, whereas memory requires specific past evidence
to remain recoverable even when its relevance emerges only much later. As history grows while the
state remains fixed in size, continual compression risks irreversibly discarding evidence before its
future relevance is known (Gu & Dao, 2024; GLM-5 Team, 2026). Prior work establishes finite-state
limits on exact copying (Jelassi et al., 2024), identifies recency bias and over-smoothing in selective
state-space models (Wang et al., 2025b), and documents substantial associative-recall gaps in several
efficient alternatives to attention (Arora et al., 2024b). Improved state-update rules (Schlag et al.,
2021; Yang et al., 2024b; 2025; Hatamizadeh et al., 2026; Kimi, 2025; Peng et al., 2025; Hu et al.,
2025; Siems et al., 2025; Sun et al., 2024; Behrouz et al., 2025; von Oswald et al., 2026) can manage
this limited capacity more effectively, but retain the same underlying constraint: the bounded state
must still support evolving computation while preserving evidence from an ever-growing history.
Together, these limitations reinforce a familiar picture: linear attention is efficient, yet its fixed-state
memory appears to impose a fundamental ceiling on long-context capability.

We challenge this apparent ceiling: poor long-range retention through a recurrent state need not
imply an inability to use distant evidence. We introduce NoteBank, a training-free, plug-and-play
sparse episodic memory that separates evidence preservation from recurrent computation: selected
text spans are archived before any question is observed, addressed using the backbone’s native fea-
tures, and read through its ordinary forward computation via replay. NoteBank augments existing
recurrent and hybrid checkpoints without changing backbone weights or architecture, requiring no
external embedding model, separately trained retriever, or separate neural reader.

As Figure 1 shows, NoteBank raises Gated DeltaNet’s mean accuracy across six RULER (Hsieh
et al., 2024) retrieval tasks at one million tokens from 1.7% to 70.3%, with negligible added com-
putation: less than 0.026% in analytical layer-level FLOPs. At the same length, GDN + NoteBank
requires approximately 1/2600 of the persistent context storage of a full MHA KV cache at matched
width, depth, and precision. Beyond controlled retrieval, its benefits extend from 1.3B research
models to post-trained Mamba-2-8B (Dao & Gu, 2024) and Qwen3.5-9B (Qwen Team, 2026a),
with improvements on LongBench-v1/v2 (Bai et al., 2024; 2025) and MemoryAgentBench (Hu
et al., 2026). These results show that the long-context capability of pretrained recurrent models can
substantially exceed what their fixed-state memory interface alone exposes.

Our contributions are threefold:

• Breaking the apparent fixed-state ceiling. We show that the long-context capability of
pretrained recurrent models can substantially exceed what their conventional fixed-state
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memory interface exposes: poor long-range retention through the recurrent state need not
imply an inability to use distant evidence once that evidence is independently preserved
and made accessible.

• Turning pretrained computation into episodic memory. NoteBank decouples evidence
preservation from recurrent computation through question-independent sparse text archiv-
ing, native-feature addressing, and on-demand replay. This training-free, plug-and-play
interface uses the backbone itself to write, address, and read memory, requiring neither
retraining nor an external embedding model or separate neural reader.

• Recovering capability at near-zero compute overhead. Across recurrent and hybrid
backbones, NoteBank recovers strong performance from controlled million-token retrieval
to natural-document and agent-memory tasks, while adding negligible analytical compu-
tation and requiring orders of magnitude less persistent context storage than a matched
full-attention KV cache.

2 PRELIMINARY

History compression with linear attention. A broad family of linear-attention models compresses
the processed history into recurrent key-value states (Schmidhuber, 1992a; Katharopoulos et al.,
2020; Schlag et al., 2021). For a single layer and head, the backbone’s existing feature transfor-
mations produce query and key vectors qt,kt ∈ Rdk and a value vector vt ∈ Rdv from its input
representations at token position t. The key-value pair updates the recurrent memory, while the
query reads from it (Yang et al., 2024b; Dao & Gu, 2024):

St = St−1At + βtvtk
⊤
t , ot = Stqt, (1)

where St ∈ Rdv×dk serves as a compressed memory of the prefix, At ∈ Rdk×dk controls memory
retention and transformation, and βt controls the write strength. Standard additive linear atten-
tion (Schmidhuber, 1991; Katharopoulos et al., 2020) sets At = I and βt = 1; gated (Sun et al.,
2023; Yang et al., 2024a; Gu & Dao, 2024; Dao & Gu, 2024; Beck et al., 2024) and delta-rule (Schlag
et al., 2021; Yang et al., 2024b; 2025; Hatamizadeh et al., 2026; Kimi, 2025) variants modify these
updates. Input scaling is absorbed into this parametrisation; output gates and normalisation are omit-
ted. The same fixed-size state supports both ongoing computation and access to past information:
each query reads the history only insofar as it remains encoded in St.

Problem setup. We consider pretrained recurrent and hybrid language models that process a con-
text before receiving a question. Let Mϕ be such a model, X = (x1, . . . , xT ) the context, and
Q = (q1, . . . , q|Q|) a subsequent question or prompt. The model reads X causally and retains an
inference state ST , consisting of its recurrent states and any auxiliary caches. When Q arrives, it
generates a response Y ∼ pϕ(· | ST ,Q). Access to the preceding context is therefore limited to
what remains in ST : evidence must be preserved before the model knows which information the
question will require.

3 NOTEBANK

3.1 DECOUPLING RECURRENT COMPUTATION FROM ARCHIVAL MEMORY

NoteBank maintains a sparse episodic archive alongside the backbone’s unchanged state updates
during context processing. Before observing Q, it uses native features to select spans, i.e., contigu-
ous text spans (or interchangeably “segments”) from the context, and index them for later retrieval.
When Q arrives, its native query features retrieve notes, whose text is replayed through the backbone
to support generation. After processing t context tokens, the archive is

NBt = {(zi,Ai)}Nt
i=1, Ai = {ρℓ,h

i }(ℓ,h)∈L×H, (2)

where Nt is the number of stored notes, zi contains a span’s original token IDs, and each address
ρℓ,h
i is a compact vector derived from native query features within that span. The sets L andH index

recurrent layers and heads; address construction and matching are detailed in Sec. 3.2. Archived text
persists independently of subsequent state updates.
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Figure 2: Overview of NoteBank. During context encoding, native features “keys” and “queries”
(i.e., k and q) guide span selection and indexing; each span zi is stored with addressesAi. Taking the
retained context state ST , the backbone encodes the question to obtain queries for retrieving relevant
spans. The native forward pass starts from the same ST and processes the retrieved evidence and
then the question, and generates the answer. Backbone parameters remain frozen throughout. We
refer to Algorithm 1 for more details.

3.2 A NATIVE MEMORY INTERFACE

Write (top-W ). We partition the context into consecutive, non-overlapping chunks of C tokens,
carrying the recurrent state across chunk boundaries (Sun et al., 2023; Yang et al., 2024a; Yang
& Zhang, 2024). Once a chunk accumulates C tokens, the writer scores its tokens by native-key
distinctiveness to select up to W notes:

dℓ,ht = 1−
〈
k̂ℓ,h
t ,µℓ,h

C(t)

〉
, dt =

1

|L × H|
∑

(ℓ,h)∈L×H

dℓ,ht . (3)

Here C(t) contains the positions in the chunk containing t, and µℓ,h
C(t) is the normalised mean of the

keys in that chunk. Hats ·̂ denote ℓ2 normalisation throughout this paper.

To form each note, we score candidate windows, i.e., short contiguous sequences of tokens, by
summing dt over their positions. We choose the highest-scoring window and use the sentence con-
taining its central token as the starting segment, then expand it with adjacent sentences subject to
the B-token limit. Any sentence overlapping the selected segment is excluded from subsequent se-
lections. For each selected text segment with token positions Ii, we store its original token IDs zi
and construct one address per layer-head channel. Each channel selects the token with the highest
key-distinctiveness score and stores a compact version of its native query vector:

t∗,ℓ,hi = argmax
t∈Ii

dℓ,ht , ρℓ,h
i = compact

(
qℓ,h

t∗,ℓ,hi

)
∈ Rdρ . (4)

Thus, each channel indexes the segment using the query at its most distinctive key position; different
channels may select different positions. The fixed mapping compact is a non-trainable feature map
for constructing compact addresses; setting compact to identity presents full native-query addresses.
Full details of address construction is provided in App. B.3.

Addressing (top-R). When Q arrives, we process it from a copy of the retained inference state
ST to obtain native query features. For each question position τ ∈ {1, . . . , |Q|}, we construct
uℓ,h
τ = compact(qℓ,h

τ ) using the same mapping as the stored addresses. Each layer-head channel
scores every stored note i ∈ {1, . . . , NT } by the maximum cosine similarity between its address
and the question’s query features (Khattab & Zaharia, 2020), then votes for its highest-scoring note:

sℓ,hi = max
1≤τ≤|Q|

〈
ûℓ,h
τ , ρ̂ℓ,h

i

〉
, Vi =

∑
(ℓ,h)∈L×H

1

[
i = argmax

j
sℓ,hj

]
. (5)

We retrieve up to R notes with the most votes, with a preference of earlier-inserted notes when vote
counts tie. We then concatenate their token IDs in original document order, determined by each
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note’s starting token position, to form the replay sequence R. The temporary state used to process
Q is discarded after retrieval.

Readout with native replay. After addressing, the backbone reads the retrieved text through its
native forward computation. Let Sread be a fresh copy of the retained state ST , and Fϕ(S,X∗)
denote the backbone’s state update when processing a token sequence X∗. We replay R, then
process Q again to generate the response:

SR = Fϕ(Sread,R), Y ∼ pϕ(· | SR,Q). (6)

Replay introduces at most R×B tokens and traverses the full backbone, including attention blocks
under the configured policy in hybrid models. This readout requires neither additional training nor a
separate neural reader. Because it follows native forward computation, backbone-supported parallel
algorithms (Yang & Zhang, 2024) apply directly, without NoteBank-specific customisation.

To improve the model’s use of replayed evidence on downstream tasks, we optionally train
lightweight LoRA adapters (Hu et al., 2022) while keeping pretrained weights frozen. Adapters are
disabled during context processing and retrieval, leaving writing and addressing unchanged. They
are enabled throughout replay and subsequent question answering. See App. B.4 for more details.

3.3 MEMORY AND COMPUTATIONAL OVERHEAD

We analyse NoteBank’s additional costs relative to the same backbone and attention configuration.

Memory. Let J = |L × H| be the number of indexed recurrent layer-head channels. Writing at
most W notes per completed C-token chunk gives:

NT ≤W ⌊T/C⌋, StorageNB = O(NT (B + Jdρ)) . (7)

Each note stores at most B token IDs and J = |L × H| compact addresses of dimension dρ. The
storage of NB archive grows linearly with history length at a rate controlled by these budgets,
without enlarging the recurrent state.

Computation. Writing reuses native features, adding O(T ) work for fixed chunk size and model
dimensions. Addressing requires one additional forward pass over the question, followed by exhaus-
tive matching at cost O(|Q|NTJdρ), layer-head channel voting, and top-R selection. Readout adds
at most R × B replay tokens before question processing and generation. Thus, archive storage and
exhaustive matching grow linearly with history length, while the replay budget remains constant;
replay computation depends on the backbone and attention policy.

4 RECOVERING LONG-CONTEXT CAPABILITY

Can pretrained recurrent models recover strong long-context capability when past evidence remains
accessible beyond their recurrent states? We investigate this question through long-range retrieval
at increasing context lengths, real-world tasks, and controlled restrictions on historical access.

Setup. We evaluate publicly available checkpoints of GDN and GDN-2 (1.3B), Mamba-2 (1.3B and
8B), and Qwen3.5 (9B). For Mamba-2, recurrent-state rescaling is necessary for the model to avoid
numerical failure during long-context inference. NB-TF is training-free while NB-LoRA adapts the
read stage using lightweight adapters trained on fewer than 9.3M tokens of general language data,
with one adapter set per backbone shared across downstream tasks. Both variants construct notes
without observing the evaluation question. Our evaluation covers six RULER-NIAH tasks (Hsieh
et al., 2024), LongBench-v1 and v2 (Bai et al., 2024; 2025), and MemoryAgentBench (Hu et al.,
2026). We refer to App. C for more experimental details.

4.1 TRAINING-FREE LONG-RANGE RETRIEVAL ACROSS ARCHITECTURES AND LENGTHS

We first ask: how much long-range retrieval can be recovered by decoupling recurrent computa-
tion from archival memory, without updating the model’s weights? We compare plain, full-prompt
repetition (JRT) (Arora et al., 2024c), and NB-TF on GDN, GDN-2, and Mamba-2 using the same
checkpoint within each architecture. Evaluation covers three single-needle tasks, S-NIAH-1/2/3,
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Figure 3: Recovering long-range retrieval without training. NoteBank (NB-TF top-2) substan-
tially improves retrieval over plain forward pass and full-prompt repetition (JRT), using the same
frozen backbone. Scores are averaged over six RULER retrieval tasks, including single- and multi-
passage retrieval. See App. D.1 for per-task results.

Backbone Method Single-doc QA Multi-doc QA Summarisation Few-shot Overall

Transformer† Plain 13.40 18.97 8.43 23.40 16.05

Plain 6.88 7.02 13.99 34.08 15.49
JRT 7.72 6.63 14.79 33.56 15.67
NB-TF 6.66 7.33 13.52 36.76 16.07GDN

NB-LoRA 19.06 20.48 11.37 41.22 23.03

Plain 2.22 2.10 11.27 11.56 6.79
JRT 2.39 1.89 9.21 8.34 5.12
NB-TF 5.98 5.36 16.51 25.88 13.43Mamba-2

NB-LoRA 17.84 15.54 7.46 27.52 17.10

Table 1: From retrieval to real-world long-context tasks. All backbones have 1.3B parameters.
Scores are macro-averaged over evaluated LongBench-v1 tasks, within each category and overall.
NB-TF requires no additional training; NB-LoRA adapts the read stage. †Reference results aggre-
gated from Behrouz et al. (2026), whose LongBench models were trained with 16K contexts. Bold
marks the best score within each recurrent backbone.

Benchmark Backbone Plain + NB-TF ∆

MemoryAgentBench Mamba-2-8B 0.0 14.7 +14.7
Qwen3.5-9B 55.7 56.8 +1.1

LongBench-v2 Qwen3.5-9B 46.1 49.3 +3.2

Table 2: Plug-and-play gains on larger models without training. We report task-macro-averaged
scores on the 2,100-question QA subset of MemoryAgentBench and accuracy on the 375-question
QA/dialogue subset of LongBench-v2. NB-TF uses top-4 and top-8 retrieval, respectively. All
Qwen evaluations use YaRN (official long-context setup). ∆ denotes the gain (%).

and three multi-key, multi-query, and multi-value tasks, 100 samples per task. Doc-
ument lengths range from 4K to 1M tokens; JRT processes approximately twice this input length
through repetition. NoteBank writes its archive before observing the question.

Results &. Discussion. Figure 3 reports mean accuracy across the six tasks. Plain and JRT approach
zero accuracy as context length grows, whereas NB-TF maintains roughly 70% accuracy on GDN
and GDN-2. Mamba-2 declines more noticeably but retains substantial accuracy at 1M tokens. At
1M, NB-TF exceeds Plain by 68.6, 66.6, and 37.8 percentage points on GDN, GDN-2, and Mamba-
2, respectively. The same frozen backbones thus recover substantial retrieval capability through
NoteBank’s memory, while full-prompt repetition yields little improvement at long contexts. We
next test whether these gains translate to real-world tasks.
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4.2 FROM SYNTHETIC RETRIEVAL TO REAL-WORLD TASKS

To test whether NoteBank improves performance beyond synthetic retrieval, and whether read adap-
tation helps models use the archived evidence, we evaluate GDN and Mamba-2 on LongBench
12 tasks spanning single-doc QA, multi-doc QA, summarisation, and few-shot
learning. Within each backbone, we compare Plain, JRT, NB-TF, and NB-LoRA on the same
examples. Both NoteBank variants use top-1 replay for GDN and top-4 for Mamba-2; NB-LoRA
adapts only the read stage, leaving note writing and addressing unchanged. We also include pub-
lished Transformer results from Behrouz et al. (2026) as a reference. Scores are task averages within
each category and overall.

Results and discussion. Table 1 shows that NB-TF improves over Plain in six of eight backbone-
category comparisons, raising overall scores from 15.49 to 16.07 on GDN and from 6.79 to 13.43
on Mamba-2. GDN with NB-TF reaches an overall score comparable to the Transformer reference
(16.05), without additional training. Read adaptation strengthens the gains: NB-LoRA raises over-
all scores to 23.03 and 17.10, respectively, both above the Transformer reference, with substantial
improvements in single- and multi-document QA over the corresponding Plain backbones. We hy-
pothesise that replay can introduce distracting evidence, and that read adaptation helps the model
use replayed evidence more selectively; we investigate this explanation in Section 6. The benefit of
read adaptation remains task-dependent, as NB-LoRA underperforms NB-TF on summarisation.

4.3 PLUG-AND-PLAY ON OFF-THE-SHELF LLMS

Can NoteBank improve larger off-the-shelf LLMs, including a strong post-trained hybrid, without
additional training? We evaluate Mamba-2-8B and Qwen3.5-9B on selected MemoryAgentBench
tasks, and Qwen3.5-9B on the 375-question QA/dialogue subset of LongBench-v2. Within each
backbone, we compare Plain and NB-TF using the same checkpoint and examples. NB-TF uses
top-4 replay on MemoryAgentBench and top-8 on LongBench-v2. For Qwen, YaRN is enabled for
both Plain and NB-TF, following the official recommendation. Retrieval-budget comparisons and
task-level results are provided in the App. D.1.

Results and discussion. Table 2 shows gains across all three model-benchmark pairs. On Memo-
ryAgentBench, plain Mamba-2 fails completely while, with NB-TF, it improves from 0.0 to 14.7.
Qwen improves from 55.7 to 56.8 on MemoryAgentBench and from 46.1 to 49.3 on LongBench v2,
demonstrating benefits even for a strong post-trained hybrid with existing long-context capabilities.
We attribute Mamba-2’s complete failure in this setting to long-context state instability (detailed
in Appendix D.1). Together, these results support NoteBank as a plug-and-play memory extension
across recurrent and hybrid architectures, without additional training.

5 ALMOST A FREE LUNCH?

Having shown that NoteBank recovers substantial long-context capability, we now ask: at what cost?
We quantify its incremental computation and storage analytically, then measure end-to-end latency
and peak GPU memory, relating these costs to retrieval quality (Figure 4; Table 7).

5.1 NEGLIGIBLE MARGINAL COMPUTATION

We analytically account for Plain and NB-TF inference using the recorded input, archive, and replay
lengths, with top-2 replay and matched output lengths. Figure 4a plots the additional FLOPs relative
to Plain across context lengths for three recurrent backbones. The relative overhead decreases as
the bounded costs of question encoding and replay are amortised over longer context processing.
For fixed question length and replay budget, writing a fixed number of notes per chunk and rout-
ing over the resulting archive introduce small linear terms, so the relative overhead approaches a
small non-zero floor. At 1M tokens, NoteBank adds only 0.0171%-0.0250% to full-model analyti-
cal FLOPs, with routing accounting for just 0.50-1.72 GFLOPs. The breakdown in Figure 7 shows
nearly constant question-encoding and replay costs, while writing and routing grow linearly but re-
main negligible relative to backbone computation, even at 1M tokens. Full accounting is provided
in App. C.5.
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Figure 4: Efficiency of training-free NoteBank. (a) Relative analytical FLOPs overhead, decreas-
ing with context length as fixed costs are amortised. (b) Incremental persistent GPU storage grows
linearly with context. (c) Measured inference latency on an H100, with batch size 1 and 32 generated
tokens. NB uses top-2 replay; InfLLM uses the official default top-96.

5.2 COMPACT PERSISTENT STORAGE

We account for persistent context storage as the backbone’s recurrent and convolution states, GPU-
resident note addresses and helper tensors, and CPU-resident token IDs and span metadata. Fig-
ure 4b shows the additional GPU storage relative to Plain. With a fixed number of notes written per
chunk, the address bank grows linearly with context length, while the backbone states and helper ten-
sors remain fixed in size. At 1M tokens, GDN adds 24.4 MiB of GPU addresses and helper tensors,
plus approximately 1.0 MiB of CPU text and metadata accounted for in compact form. Including
backbone states, total persistent context storage is 74.5 MiB, approximately 1/2600 of a theoretical
BF16 full MHA KV cache matched in context length, width, and depth. This accounting excludes
model weights, transient allocations, and Python-object overhead (see App. C.7).

5.3 PRACTICAL RUNTIME AND MEMORY

We measure end-to-end latency and peak GPU memory on an H100 with batch size 1 and 32 gen-
erated tokens. For reference, we also evaluate a 1.3B Transformer with full attention, a 4K sliding
window (SW4K), and the official InfLLM implementation (Xiao et al., 2024). Figure 4c shows
approximately linear latency scaling for GDN with and without NoteBank. Across the matched
measurements at 4K, 16K, 64K, and 1M, NoteBank increases latency by 10.6%-13.2%. At 1M
tokens, latency rises from 125.11 to 140.64 s, while peak GPU memory, including model weights,
rises from 2.93 to 3.27 GiB. Measurement protocols and cross-system quality-cost comparisons are
provided in App. C.5.

Together, these results show that NoteBank extends pretrained linear attention models with substan-
tially stronger long-context retrieval, requiring negligible added arithmetic, compact storage, and
modest runtime overhead—an almost free lunch.

6 UNDERSTANDING NOTEBANK: EVIDENCE ACCESS AND UTILISATION

We examine what limits NoteBank’s performance by tracing evidence preservation and retrieval,
intervening on note selection, and comparing frozen and adapted readers to distinguish the contri-
butions of memory access and read adaptation.

6.1 WHAT IS PRESERVED, AND WHAT IS RETRIEVED?

Preserving evidence does not guarantee its retrieval. We therefore measure the fractions of required
gold values preserved in the archive and recovered by top-4 retrieval, respectively. Figure 5a shows
that retrieval closely tracks archival coverage for GDN, whereas Mamba-2 leaves substantially more
stored values unretrieved. Holding the archive, reader, and replay budget fixed, oracle note selection
raises GDN’s score from 75.0 to 75.7 at 1M tokens, but Mamba-2’s from 40.4 to 61.6 (Figure 5b).
This intervention reveals substantial routing headroom for Mamba-2, with smaller gains for GDN.
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a Evidence: preserved vs. accessed
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c Access intervention on natural-language QA

Backbone Reader NB-top1 Oracle-1 ∆

GDN Frozen 7.05 7.59 +0.54
LoRA 19.11 22.58 +3.47

Mamba-2 Frozen 4.22 7.23 +3.01
LoRA 9.09 26.43 +17.34

b Recoverable performance
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Figure 5: Evidence preservation, access, and utilisation in NoteBank. a, Gold-value coverage
in the archive (Archived) and top-4 retrieved notes (Retrieved@4); shading marks stored but unre-
trieved values. b, Native vs. oracle routing on RULER, with archive, reader, and replay budget
fixed. c, The same intervention on four LongBench QA tasks (top-1; frozen/LoRA readers). Oracle
notes contain reference answers, a proxy for relevance rather than guaranteed supporting evidence.

We extend this diagnostic to four LongBench QA tasks (hotpotqa, 2wikimqa, musique,
qasper), using archived spans containing a reference answer as a proxy for relevant evidence.
With the archive and reader fixed, we compare native top-1 retrieval with oracle selection of a sin-
gle answer-bearing note (“Oracle-1” in Figure 5c). Replaying just this one note instead improves
Mamba-2’s macro score by 3.01 points with a frozen reader and by 17.34 points with LoRA; GDN
gains 0.54 and 3.47 points, respectively. Note that answer containment does not guarantee sufficient
supporting evidence, so these results are a proxy diagnostic rather than a performance upper bound.
Together, these interventions show that preserved information can remain unaccessed and that the
benefit of improved access depends on the reader.

6.2 HOW MUCH DOES ROUTING MATTER IN PRACTICE?

We next test whether alternative routers can realise this headroom, and at what cost. We hold the
archive, reader, and top-1 replay budget fixed and replace only the router. As shown in Table 3, on
RULER at 1M tokens, native routing outperforms random selection, mean-pooled input embeddings,
and BGE on both backbones. BM25 achieves higher scores, raising Mamba-2 from 37.6 to 52.7,
consistent with the routing headroom identified in Section 6.1. On LongBench with a fixed LoRA
reader, differences are modest for GDN but larger for Mamba-2, where BM25 improves the score
from 14.25 to 18.66. For GDN at 1M tokens, the default NB router’s query encoding and routing take
26 ms, versus 87 ms for CPU BM25 in our implementation (App. D.1, Table 8). These comparisons
show that the default native routing provides effective retrieval with low measured routing latency
and no auxiliary encoder, while gains from alternative routers motivate further exploration of the
retrieval quality-cost trade-off within NoteBank.

6.3 WHAT DOES READ ADAPTATION CONTRIBUTE?

To distinguish evidence recovery from adaptation gains, we separate memory-access gains from
adaptation gains using GDN with and without NoteBank, each with frozen or LoRA readers (Ta-
ble 4). Adapters are trained separately with and without replay using the same data and training
budget; NoteBank uses top-1 retrieval. On RULER at 1M tokens, adaptation without NB leaves the
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Routing Signal Auxiliary Retriever
RULER @ 1M LongBench

GDN Mamba-2 GDN Mamba-2

Random None 1.7 0.0 21.96 13.83
Input embedding None 30.8 20.8 22.40 16.70
Native (NB) None 59.8 37.6 23.03 14.25

BM25 Lexical index 64.0 52.7 23.50 18.66
BGE External encoder 45.4 34.0 23.77 17.24

Table 3: Effect of routing strategy. Scores average 6 RULER tasks at 1M tokens and 12 evaluated
LongBench tasks, with LoRA readers fixed across routers for each backbone and benchmark. Native
(NB) uses feature matching and voting; input embeddings are mean-pooled. Auxiliary retrievers add
a lexical index or encoder; None does not imply zero routing cost.

Memory Access
RULER @ 1M LongBench

Frozen LoRA Frozen LoRA

w/o NoteBank 1.7 1.7 15.49 22.72
w/ NoteBank 59.8 58.4 16.07 23.03

Table 4: Separating memory access from read adaptation. GDN scores with and without Note-
Bank, using frozen or LoRA-adapted readers. Scores average six RULER retrieval tasks at 1M
tokens and twelve LongBench tasks. NoteBank uses top-1 replay; adapters are trained indepen-
dently with and without replay using matched data and training budgets.

score at 1.7, whereas NB-TF reaches 59.8. Adding LoRA yields 58.4, showing that this long-range
retrieval recovery does not require read adaptation. On LongBench, adaptation improves scores
from 15.49 to 22.72 without NB and from 16.07 to 23.03 with NB. The adapted models differ by
only 0.31 points, indicating that adaptation accounts for most GDN’s LongBench improvement in
this setting. These controls distinguish two contributions: NoteBank enables long-range retrieval
with frozen weights, while task adaptation drives most of the observed LongBench gains on GDN.

7 DISCUSSION AND LIMITATIONS

Our results challenge the view that linear attention must sacrifice long-context capability for ef-
ficiency, showing that separating recurrent computation from memorisation enables substantially
stronger long-context performance at little additional cost. NoteBank realises this separation with
sparse notes, native-feature addressing, and backbone replay. This training-free, plug-and-play ex-
tension offers an almost free lunch: 37.8-68.6 percentage-point gains at 1M-token retrieval across
three linear attention architectures, with negligible marginal arithmetic, storage, and modest run-
time overhead. Benefits extend to real-world tasks and a strong post-trained hybrid. This practical
architecture leaves ample scope to improve writing, routing, and reading. Our interventions reveal
opportunities to improve routing and evidence utilisation, with gains varying across tasks and back-
bones. Training-free effectiveness establishes compatibility with existing models, while selectively
training writing, routing, or reading may improve evidence preservation, access, and utilisation.
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A RELATED WORKS

Linear and Recurrent Long-Context Models. Recurrent sequence models (Schmidhuber,
1992a;b; Hochreiter & Schmidhuber, 1997; Cho, 2014; Beck et al., 2024) reduce the cost of
quadratic self-attention by compressing the input prefix into a state whose size is independent of
sequence length. Unlike conventional LSTMs with nonlinear recurrent dependencies, linear recur-
rent models use input-dependent linear state updates, enabling efficient parallel sequence processing
while constraining how past state influences each update. Two representative families are selective
state-space models, exemplified by Mamba and Mamba-2 (Gu & Dao, 2024; Dao & Gu, 2024), and
delta-rule associative memories, exemplified by DeltaNet (Schlag et al., 2021; Yang et al., 2024b)
and Gated DeltaNet (Yang et al., 2025). We study Mamba-2 and Gated DeltaNet variants to evaluate
NoteBank across these distinct recurrent update mechanisms. With fixed state size and numerical
precision, a single pass cannot preserve arbitrarily growing histories losslessly. Reliable recall there-
fore depends on what the state retains and how stored associations interfere (Schlag et al., 2021;
Arora et al., 2024a;c). Hybrid architectures combine recurrent layers with attention to improve ac-
cess to token-level representations (Lieber et al., 2024; Yang et al., 2024b). In particular, hybrid
variants of Gated DeltaNet and Gated DeltaNet-2 (Yang et al., 2025; Hatamizadeh et al., 2026)
incorporate sliding-window attention for local interactions and report improvements on evaluated
retrieval tasks. In these sliding-window hybrids, direct attention access remains confined to the local
window, while information from more distant inputs is carried through the recurrent computation.
Across nonlinear and linear recurrent models, fixed-size states must accommodate an ever-growing
history; adding attention provides local access but no persistent archive of distant evidence.

Memory Extension for Recurrent Models. Improving finite recurrent memory has long moti-
vated designs such as LSTM gating (Hochreiter & Schmidhuber, 1997). Linear recurrent models
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like Mambas (Gu & Dao, 2024; Dao & Gu, 2024) and Gated DeltaNet (Yang et al., 2025) simplify
LSTM-style gating by computing gates from layer inputs independently of the recurrent state, re-
taining input-only memory control while enabling efficient parallel training. TTT layers (Sun et al.,
2024) and Titans (Behrouz et al., 2025) instead encode history through online learning, using self-
supervised updates and momentum-based updates with forgetting, respectively. These approaches
improve how memory is updated but retain fixed-size recurrent states, motivating extensions that
preserve additional historical memory. Memory Caching (Behrouz et al., 2026) additionally pre-
serves multiple memory states, allowing effective memory capacity to grow with sequence length; it
considers both continuous-recurrence checkpoints and independently initialized segment memories,
and evaluates caching on Titans. MARCH (Zhang et al., 2026) caches cumulative recurrent-state
anchors and uses content-dependent routing to combine historical readouts with the current-state
output. HOLA (Cui, 2026) augments the recurrent state with a bounded cache of key-value pairs
selected according to the recurrent update magnitude. These caching methods differ in how much
history they retain and whether they store compressed states or selected key-value pairs. Their
retrieval operations read the retained states or values using current queries, without re-encoding
the corresponding raw inputs. Appendix D.1 compares against published LongBench results from
Memory Caching and MARCH, whose evaluated models were trained on 16K-token sequences.

Retrieval and Replay. Retrieval-based methods access external corpora or prior inputs and incor-
porate the retrieved information through representation fusion or renewed text processing. Retrieval-
augmented generation (RAG) can provide textual evidence that need not have appeared in the current
input history (Lewis et al., 2020). Standard dense-retrieval pipelines select passages by matching
query and passage embeddings and incorporate the retrieved text into the context for generation. Re-
trieval can also use the generation model’s own representations: GritLM (Muennighoff et al., 2024)
unifies embedding and generation within a single language model, using a contrastive embedding
objective to support corpus retrieval. Its corpus embeddings are produced through dedicated embed-
ding passes, rather than extracted from the causal processing of the current input history. Another
line of work revisits previously processed inputs. InfLLM (Xiao et al., 2024) extends pretrained
Transformers without additional training by retrieving historical key-value blocks using represen-
tative token keys and incorporating them into attention. It reuses cached neural representations,
whereas NoteBank retrieves archived text for native forward replay (see Figure 4c and Table 7 for
direct comparison). ReadAgent (Lee et al., 2024) selects original pages through reasoning over tex-
tual gist summaries, while ReContext (Zhao et al., 2026) uses model-internal attention signals to
select and replay evidence spans from the available prompt. Just Read Twice (Arora et al., 2024c)
analyses how input order affects recall memory requirements and studies prompt repetition and non-
causal prefix processing to exploit information unavailable during the initial causal pass.

Our approach stores raw historical tokens together with retrieval keys derived from model states
during their initial causal processing. During subsequent causal computation, the current retrieval
query selects tokens to replay through the model’s input-processing path, allowing a new encoding
after that query becomes available.

B ALGORITHMIC DETAILS

B.1 ALGORITHMIC OVERVIEW

Algorithm 1 summarises the construction and use of NoteBank. During context processing, the
writer maintains the backbone state and builds an archive independently of the subsequent question.
At query time, retrieval and readout branch from separate copies of the retained state: the question
is first processed to select notes, after which the retrieved text and the question are processed on the
answer branch. For clarity, the algorithm abstracts segment (or interchangeably, “span”) selection,
address construction, and matching into named operations. Chunk-boundary handling and sentence-
level selection rules are specified in Appendix B.2.

B.2 WRITE OPERATION DETAILS

The writer operates at completed chunk boundaries, without observing the subsequent question.
Within each chunk Ci, we first ℓ2-normalise each native key, average the resulting unit vectors, and
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Algorithm 1 NoteBank: Write, Address, and Replay
Input: Frozen backboneM; context X; question Q.
HyperParams: Chunk size C; write budget W ; note length limit B; retrieval budget R.
Output: Generated response Y .

1. Write Before observing the question
1: S ←Mϕ.init_state; NB ← [ ]
2: for each chunk XC in chunks(X, C) do
3: S, {kC}, {qC} ←Mϕ.forward(S,XC)
4: {dC} ← DISTINCTIVENESSMEASURE({kC}) ▷ Eqn. 3
5: I ← SELECTSPANS(XC , {dC},W,B)
6: for each segment I ∈ I do
7: z← TOKENIDS(I) ▷ I: token positions in the sequence
8: A ← ASSIGNADDRESS({qC}, {dC}, I) ▷ Eqn. 4
9: NB.append(z,A)

10: end for
11: end for

2. Address Process the question for retrieval
12: Z ← [ ]
13: if |NB| > 0 then
14: Sretrieval ← copy(S)
15: _, _, {u} ←Mϕ.forward(Sretrieval,Q) ▷ u← compact(qQ) omitted
16: V ← ADDRESS({u}, NB.addresses) ▷ Eqn. 5
17: {zevidence} ← TOP-R(NB, V )
18: Z ← concat({zevidence}.sorted()) ▷ {zevidence} sorted by input order
19: delete(Sretrieval)
20: end if

3. Read Replay, then answer
21: Sread ← copy(S)
22: R← Z
23: SR ←Mϕ.forward(Sread,R) ▷ Eqn. 6
24: Y ←Mϕ.generate(SR,Q) ▷ Eqn. 6
25: return Y

normalise the mean:

µℓ,h
i =

̂1

|Ci|
∑
t∈Ci

k̂ℓ,h
t . (8)

We average distinctiveness scores across layer-head channels to select text segments, and retain the
per-channel scores to construct their addresses. To capture evidence that spans a chunk boundary,
we extend the candidate region with the last 32 tokens of the preceding chunk. These tokens keep
the scores and query features computed in their original chunk; their scores are not recomputed for
the extended region. By default, we use this 32-token overlap and a 48-token scoring window.

Within each candidate region, the writer scores sliding windows by summing their token distinc-
tiveness and selects the highest-scoring window. If the region is shorter than the configured window
length, the window covers the entire region. We split the observed text at sentence-final punctuation
and line breaks, and use the sentence containing the selected window’s central token as the initial
span. We then expand the span by checking the immediately adjacent sentences, first on the left and
then on the right. Each sentence is included only if the expanded span remains within the B-token
budget. This process repeats until neither side can be added. Expansion follows sentence order and
the length budget, without further salience comparisons. If the initial sentence alone exceeds B
tokens, we retain a contiguous B-token portion starting at the selected window’s start, adjusted to
the nearest valid position that keeps the portion entirely within the sentence.

When writing two notes per chunk, we select the first note and exclude all sentences that overlap
it. If the note contains only part of a long sentence, we exclude that entire sentence. This leaves
at most two candidate regions, one on each side of the excluded text. We find the highest-scoring
window across these regions and construct the second note using the same procedure. If no candidate
remains, we write only one note. The two notes from a single write operation therefore do not
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overlap, although notes written at different chunk boundaries may overlap. For each note, we use
the retained per-channel distinctiveness scores to select the query positions that form its addresses,
as defined in Eqn. 4. Our implementation supports W ∈ {1, 2}. Any remaining tokens in a final
incomplete chunk are processed by the backbone but produce no notes. A context shorter than C
tokens therefore leaves the archive empty.

B.3 NATIVE ADDRESS CONSTRUCTION

For each selected note, we first identify one representative token per recurrent channel using the
native-key distinctiveness scores, as defined in Eqn. 4. We then compact the native query at that
position. Thus, representative-token selection uses key distinctiveness, while the stored address
consists of query features.

We implement compact as fixed coordinate selection. For each channel (ℓ, h), we sample an ordered
set of dρ distinct coordinates from the native query dimension dk, independently across channels,
and keep this selection fixed across documents and questions. Let P ℓ,h ∈ {0, 1}dρ×dk denote the
corresponding coordinate-selection matrix. The note and question representations are

ρℓ,h
i = compact

(
qℓ,h

t∗,ℓ,hi

)
= P ℓ,hqℓ,h

t∗,ℓ,hi

, uℓ,h
τ = compact

(
qℓ,h
τ

)
= P ℓ,hqℓ,h

τ . (9)

Each row of P ℓ,h selects one coordinate, with no coordinate repeated within a channel. The same
mapping is used for stored notes and incoming questions; it introduces no trainable parameters. Our
standard configuration uses dρ = 16 and a fixed set of randomly-generated coordinates. Projected
note addresses are stored in BF16 without normalisation. The question representations are also
converted to BF16. During matching, both are cast to FP32 and ℓ2-normalised before computing
cosine similarities. Compaction does not change which representative position is selected: that
decision is made from the per-channel native-key distinctiveness scores before address compression.

B.4 REPLAY READOUT AND OPTIONAL ADAPTATION

The retained inference state ST includes recurrent states, convolution caches, and, for hybrid back-
bones, attention key-value caches and position information. Retrieval and answer generation use
separate copies of this state. As shown in Algorithm. 1, the question is first processed on a tem-
porary copy to select notes; this copy is then discarded. On the answer branch, the selected notes
are concatenated in document order and replayed before the question is processed again. Replay
uses the original token IDs and follows the backbone’s configured attention policy. Position indices
continue from the context boundary rather than returning to the notes’ original positions. An empty
archive produces zero replay tokens.

Optional adaptation adds low-rank updates ∆W = (α/r)BA to selected backbone projections,
while keeping pretrained weights frozen. Here r is the adapter rank and α controls its scale; B is
initialised to zero. For GDN backbones, adapters modify the query, key, value, and output projec-
tions. For Mamba-2, they modify the x, B, and C projection branches and the output projection.
Adapters are disabled during context processing and retrieval, and enabled during replay, question
processing, and answer generation.

We train the adapters using the mean negative log-likelihood of the target answer Ỹ , including its
EOS token:

L = − 1

|Ỹ |

|Ỹ |∑
t=1

log pϕ,θ
(
ỹt | Sread,R,Q, ỹ<t

)
, (10)

where ϕ denotes the frozen backbone weights and θ the adapter parameters. Only answer tokens
contribute to the loss. The context state and discrete note selection are treated as constants, while
gradients propagate through replay and subsequent question answering to the adapters.
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C EXPERIMENTAL DETAILS

C.1 BACKBONES

We evaluate NoteBank on GDN, GDN-2, Mamba-2, Mamba-2-8B, and Qwen3.5-9B. For the
three smaller recurrent backbones, we use m-a-p/1.3B-100B-GatedDeltaNet-pure,
LLM-OS-Models2/gdn2-1.3b-paper-matched, and state-spaces/mamba2-1.3b,
respectively. GDN and GDN-2 contain 24 and 18 recurrent layers, yielding 192 and 288 indexed
layer-head channels. Mamba-2 contains 48 layers with one B/C group per layer, yielding 48 inde-
pendent addressing channels. GDN-2 and Mamba-2 checkpoints are converted to the local infer-
ence implementations, using their corresponding tokenizers. For Mamba-2-8B, we use NVIDIA’s
nvidia/mamba2-8b-3t-4k, an 8B-parameter pure Mamba-2 base model pretrained on 3.5T
tokens with a sequence length of 4K. Qwen3.5-9B (Qwen/Qwen3.5-9B) combines 24 Gated
DeltaNet blocks with 8 Transformer self-attention blocks, giving a recurrent-to-attention ratio of
3:1. NoteBank uses native key and query features exclusively from the Gated DeltaNet blocks for
writing and addressing, yielding 384 indexed layer-head channels. Replayed tokens pass through the
entire hybrid backbone, including both block types, while the attention blocks retain their configured
attention policy and KV caching. Pretrained backbone weights remain frozen in all NoteBank ex-
periments; adapted variants train only the additional adapters. The selected backbones in summary:

• GDN (1.3B): m-a-p/1.3B-100B-GatedDeltaNet-pure.

• GDN-2 (1.3B): LLM-OS-Models2/gdn2-1.3b-paper-matched.

• Mamba-2 (1.3B): state-spaces/mamba2-1.3b.

• Mamba-2 (8B, NVIDIA): nvidia/mamba2-8b-3t-4k.

• Qwen3.5-9B: Qwen/Qwen3.5-9B.

C.2 BENCHMARKS AND EVALUATION PROTOCOLS

RULER-NIAH (Hsieh et al., 2024). We evaluate six retrieval tasks: niah_single_1,
niah_single_2, niah_single_3, niah_multikey_1, niah_multiquery, and
niah_multivalue. We use 100 fixed examples per task at each target length: 4K, 16K, 64K,
256K, and 1M tokens, where K denotes 210. We apply the benchmark’s task-specific scoring and
report the unweighted mean across the six tasks at each length.

LongBench-v1 (Bai et al., 2024). We evaluate 12 subsets covering question answering, summari-
sation, few-shot tasks, and code completion: narrativeqa, qasper, multifieldqa_en,
hotpotqa, 2wikimqa, musique, gov_report, qmsum, multi_news, trec, triviaqa,
samsum. We use 30 fixed examples per subset (360 samples in total), shared across methods. The
recurrent base models receive the native task prompts without additional chat formatting. We use
the task-specific metrics and report their unweighted macro-average on a 0-100 scale.

MemoryAgentBench (Hu et al., 2026). We evaluate Mamba-2-8B on 11 task configurations:
FactConsolidation-sh and FactConsolidation-mh at 6K, 32K, and 262K; EventQA at 64K, 128K,
and full length; and RULER QA1 and QA2. Each FactConsolidation and RULER configuration
contains 100 evaluation questions, while each EventQA configuration contains 500, yielding 2,100
questions in total. The measured input lengths range from approximately 7K to 746K tokens. We
compare plain inference, a clean-start baseline, and NoteBank with retrieval budgets R = 1 and
R = 4. We report accuracy (%) for each configuration and their unweighted macro-average.

LongBench-v2 (Bai et al., 2025). For Qwen3.5-9B, we evaluate 375 full-input exam-
ples from Single-Document QA, Multi-Document QA, Long-dialogue History
Understanding, and User guide QA. Examples are retained when the complete prompt fits
within the position budget after reserving space for replay and generation; inputs are not truncated.
We use the official zero-shot prompt and answer parser, with the model’s chat template and thinking
disabled. Decoding is greedy with a maximum of 32,768 generated tokens, and the primary metric is
accuracy over examples. This evaluation covers the specified subset rather than the full benchmark.
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C.3 NOTEBANK AND BASELINE CONFIGURATIONS

For the short-note GDN, GDN-2, and Mamba-2 experiments, we use up to W = 2 notes per com-
pleted chunk, a note budget of B = 64 tokens, a 48-token salience window, and a 32-token rolling
tail. The chunk size is C = 512 for GDN and GDN-2 and C = 256 for Mamba-2. Each note stores
one dρ = 16 dimensional address per channel, with random coordinate selection. We evaluate re-
trieval budgets R ∈ {1, 2, 4}. The plain baseline processes the original prompt without note replay;
JRT-Prompt processes the context and question twice before generating an answer. Generation is
greedy, with the same task-specific output limits and stopping rules across compared methods.

On very long inputs, we observe substantial recurrent-state magnitude explosion and degraded read-
out in Mamba-2 before any replay is performed. This instability already occurs in unmodified
Mamba-2, independently of NoteBank or evidence replay. Related work identifies state-distribution
and dynamical mismatches as sources of length-generalisation failures (Ruiz & Gu, 2025; Lu et al.,
2025). In our long-context setting, reliable readout therefore requires rescaling the recurrent state at
the readout boundary Sℓ,h ← λSℓ,h with a factor λ ∈ [0, 1], where λ = 1 leaves the state unchanged
and λ = 0. resets it. Small values of λ often yield better performance on our longest-context tasks,
both with and without NoteBank.

For NoteBank, we simply use λ = 0. immediately before replay while retaining convolution caches
and position information. Context prefill, note construction, and question-conditioned retrieval re-
main unchanged. Decoupling archival memory from recurrent computation makes this intervention
possible: historical evidence remains accessible through retrieved text even after the accumulated re-
current state is discarded. Resetting alone also improves over unmodified Mamba-2 (Appendix D.1),
suggesting that the accumulated state can impair subsequent readout in these settings.

We retain unmodified Mamba-2 as the main-text reference to report its out-of-the-box performance.
To distinguish the effects of state rescaling from those of memory augmentation, this appendix
additionally reports Mamba-2 baselines with the corresponding rescaling applied before question
processing. NoteBank retains its advantage under these matched controls, showing that its gains are
not explained by state rescaling alone.

C.4 ADAPTATION SETUP

For each backbone and retrieval budget, we fine-tune the decoder on the same 2,400-example cor-
pus using fewer than 9.3M tokens, then evaluate the resulting adapter across all 12 LongBench
tasks without task-specific fine-tuning. We construct this adaptation corpus from Natural Questions-
derived short-answer examples in emozilla/Long-Data-Collections-Fine-Tune.
Training contexts are capped at 16,000 characters, with gold-document identifier trailers removed
and answers restricted to 1-24 words. Preserving the supplied data splits, the resulting pool contains
5,855 examples: 4,157 answerable and 1,698 natural no-support examples containing neither the
answer string nor a gold-passage match. For both top-1 and top-2 adaptation, we use the same 2,400
examples without replacement after shuffling once with seed 0, comprising 1,722 answerable and
678 no-support examples. The total fine-tuning budget is below 9.3M tokens. No-support examples
retain their original gold answers; supervised targets contain at most 47 answer tokens followed by
EOS. A separate set of 354 no-support validation examples is used only for post-training diagnostics.

We use LoRA rank r = 8, scale α = 16, and zero-initialised output factors at zero-indexed
layers {11, 15, 18, 22} for GDN, {8, 11, 13, 16} for GDN-2, and {23, 31, 37, 45} for Mamba-2-
1.3B. Training uses 600 AdamW updates with four examples accumulated per update, learning rate
5 × 10−4, weight decay 0.01, gradient clipping at 1.0; evaluation uses the final checkpoint. Notes
and routing are recomputed online with C = 512, W = 2, and R ∈ {1, 2}. Adapter activation and
the answer-only training objective follow App. B.

C.5 IMPLEMENTATION AND EFFICIENCY MEASUREMENT

Efficiency measurements use an NVIDIA H100 80GB GPU, BF16 precision, and batch size 1, with
one benchmark process per GPU. For the GDN comparison, NoteBank uses C = 512, W = 2,
B = 64, and R = 2. At each target length of 4K, 64K, and 1M, we measure three fixed RULER in-
puts: example 0 from niah_single_2, niah_multiquery, and niah_multivalue. Each
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input-method pair receives one warm-up run and three timed runs, with method order alternated. We
report the mean of the per-input medians.

Timing covers complete prompt processing and generation of exactly 32 new tokens, with EOS
and stop-string termination disabled. For NoteBank, this includes archive construction, question
probing, routing, and replay; the archive is rebuilt for every run. Model loading, initial prompt
tokenisation, warm-up, and result serialisation are excluded. Any additional tokenisation performed
inside the NoteBank inference call remains included.

GPU memory is measured using torch.cuda.max_memory_allocated() and reported as
an absolute peak including resident model weights and temporary allocations. Analytical persistent-
storage estimates and host-side storage are reported separately. These fixed-output cost measure-
ments are independent of the task-specific generation and scoring protocols used for quality evalua-
tion.

For the Transformer comparisons, Full, SW4K, and InfLLM use the same checkpoint as in the main
text, m-a-p/transformer_1.3B_baseline, with approximately 1.148B unique parameters,
24 layers, hidden width 2048, and 32 query/8 KV heads. Full uses FLA’s causal FlashAttention
and retains all historical KV across 512-token prefill chunks, whereas SW4K uses the same chunk
size with a 4096-token causal window including the current token and no additional sinks. Both use
unscaled RoPE with θ = 10,000 and monotonically increasing absolute positions; SW4K computes
rotations on demand without altering this formula. InfLLM also uses 512-token chunks, processes
the final prompt token separately, retains 128 initial tokens, and applies its official local/global po-
sitional treatment with the same RoPE base and unit distance scale. We apply no additional training
or RoPE scaling: 1M inputs exceed the checkpoint’s configured 4096-position range, although this
configuration alone does not establish its original training sequence length.

C.6 ADDED FLOPS ACCOUNTING

We estimate the additional inference FLOPs of NB-TF relative to the same backbone without Note-
Bank, counting multiply-adds as two FLOPs. Accounting covers context ingestion through answer
generation, using recorded input, archive, and replay lengths. Both methods use the corresponding
Plain answer length |Y | to isolate method overhead. Let J = |L ×H| and |R| ≤ RB be the replay
length.

Backbone cost. Let fϕ denote backbone FLOPs per token, excluding the language-model head,
whose cost is hϕ = 2DV for hidden width D and vocabulary size V . We sum 2dindout over pro-
jection and MLP matrices using checkpoint shapes, then add convolution and recurrent-equivalent
costs fconv and frec. For GDN,

fconv = 2cconvJ(2dk + dv),

frec = J(7dkdv + dk + 2dv),
(11)

where cconv = 4. The recurrent term covers state decay, key and query readouts, the rank-one
update, and vector scaling. Our GDN configuration gives fϕ ≈ 2.759 × 109 FLOPs/token and
hϕ ≈ 1.311× 108 FLOPs/prediction.

NoteBank overhead. For a purely recurrent backbone,

FPlain = (T + |Q|+ |Y | − 1)fϕ + |Y |hϕ. (12)

The final input position predicts the first answer token, requiring only |Y | − 1 subsequent backbone
steps. With a nonempty archive,

∆F ≡ FNB-TF − FPlain

= Fwrite + Froute + (|Q|+ |R|)fϕ.
(13)

The additional backbone passes are the question match and replay; ordinary question processing and
answer generation cancel. An empty archive incurs neither match nor routing or replay.

For the evaluated writer (W = 2, with a 32-token tail),

Fwrite ≈ 6TJdk + 4⌈T/C⌉Jdk + 2TJ

+ 6(C + 32)⌊T/C⌋. (14)
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The first three terms estimate key normalisation, chunk-mean construction, distinctiveness scoring,
and channel aggregation; the last conservatively bounds window-selection arithmetic. D address-
ing reuses these scores to select representative positions and gathers their compact query features,
requiring no additional backbone pass or dense projection.

Matching every question token against all NT notes costs

Froute ≈ 2|Q|NTJdρ + 3(|Q|+NT )Jdρ, (15)

including dot products and address normalisation.

Aggregation and interpretation. We calculate costs per example and report

Added FLOPsratio = 100%×
∑

e ∆Fe∑
e FPlain,e

. (16)

For GDN with top-2 replay on 600 RULER examples at the 1M target length, mean Plain and
additional costs are approximately 2891.4 and 0.722 TFLOPs, respectively, giving 0.025% added
FLOPs. Values are rounded after per-example accounting.

These estimates cover principal arithmetic, excluding most backbone pointwise operations, compar-
isons, sorting, indexing, data movement, and evaluator-only work. They use recurrent-equivalent
costs rather than exact chunk-kernel execution counts and do not measure latency. The account-
ing excludes LoRA; hybrid backbones also require attention costs induced by replay, which do not
cancel as above.

C.7 PERSISTENT MEMORY ACCOUNTING

We compare NoteBank’s persistent state-and-archive payload with a full BF16 MHA KV cache
matched in hidden width D and layer count |L|. For input length P = T + |Q|, the reference
occupies

MMHA = 4|L|DP bytes, (17)
counting keys and values at two bytes per element, without KV-head sharing.

The GDN used in our experiments has 24 layers and 8 heads per layer, with J = 192 and dk =
dv = 256, giving D = 2048. NoteBank uses C = 512, W = 2, B = 64, and dρ = 16. Across 600
RULER examples at the 1M target length, the mean input length, note count, and archived-token
count U =

∑NT

i=1 |zi| are

P̄ ≈ 1,048,019, NT ≈ 4092.3, Ū ≈ 232,514. (18)

We use these recorded counts rather than assuming full-length notes or exactly 220 input tokens.

Charging addresses as BF16, token IDs as compact int32, and metadata as three uint64 fields per
note (chunk, start, end), the archive payload is

StorageNB = 2NTJdρ + 4U + 24NT bytes. (19)

Including FP32 recurrent states, BF16 Q/K/V convolution caches, and resident helper tensors gives

MNB = StorageNB + 4Jdkdv

+ 2cconvJ(2dk + dv) +Mhelper.
(20)

Here cconv = 4 and Mhelper ≈ 0.402 MiB include projection indices and allocated auxiliary tensors,
including those unused by routing. Using 1MiB = 220 bytes, recurrent states, convolution caches,
and the archive occupy 48, 1.125, and 24.959 MiB on average. Thus,

MNB

MMHA

≈ 74.49

196,503.5
≈ 1

2638
. (21)

This is a ratio of aggregate payloads, with rounding applied after accounting.

The comparison is taken at the start of answer generation and includes the entire archive. It excludes
model weights, transient workspace, and encoding/replay cache copies. CPU text and metadata are
charged at compact representation sizes, excluding Python-object overhead; these figures therefore
describe payload, not measured CPU heap usage or peak GPU allocation. The ratio applies to this
GDN configuration at 1M.
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Figure 6: Training-free long-range retrieval across architectures and context lengths: full re-
sults on RULER 6 NIAH tasks.

D ADDITIONAL RESULTS

D.1 COMPLEMENTARY RESULTS

Per-task retrieval results. Section 4.1 reports accuracy averaged over six RULER tasks. Here,
we provide the per-task breakdown for GDN, GDN-2, and Mamba-2 across context lengths from 4K
to 1M, using the same checkpoints, methods (w/ and w/o NB-TF), and 100 examples per task. The
breakdown shows that NoteBank’s gains vary across task types: single-needle retrieval is generally
stronger, while multi-query and multi-value tasks remain more challenging under a limited replay
budget. NB-TF sustains substantial retrieval accuracy at long contexts where Plain and JRT largely
fail. However, recovery is task-dependent: strong single-needle retrieval does not uniformly trans-
late into successful multi-query or multi-value retrieval. The per-task breakdown also reveals greater
variability for Mamba-2, which ties with only Mamba-2, showing that a shared memory interface
does not eliminate backbone-specific limitations.
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Backbone Method Single-doc QA Multi-doc QA Summarisation Few-shot Overall

Transformer† Plain 13.40 18.97 8.43 23.40 16.05

Titans† SSC 12.80 18.07 7.63 27.50 16.50
GDN‡ MARCH 8.87 7.90 13.23 29.47 14.87

Plain 6.88 7.02 13.99 34.08 15.49
JRT 7.72 6.63 14.79 33.56 15.67
NB-TF 6.66 7.33 13.52 36.76 16.07GDN

NB-LoRA 19.06 20.48 11.37 41.22 23.03

Plain 2.22 2.10 11.27 11.56 6.79
JRT 2.39 1.89 9.21 8.34 5.12
NB-TF 5.98 5.36 16.51 25.88 13.43Mamba-2

NB-LoRA 17.84 15.54 7.46 27.52 17.10

Table 5: From retrieval to real-world long-context tasks. Scores are macro-averaged over eval-
uated LongBench-v1 tasks, within each category and overall. NB-TF requires no additional train-
ing; NB-LoRA adapts the read stage. †Reference results aggregated from Behrouz et al. (2026);
‡Reference results aggregated from Zhang et al. (2026). Both † and ‡ require pretraining on 16K-
context length data; out GDN and Mamba-2 were pretrained on 2K and 4K-length sequences, re-
spectively. Bold marks the best score within each recurrent backbone.

Backbone Method
FactCon.

Single-hop
FactCons.
Multi-hop EventQA RULER QA Overall

Plain 0.0 0.0 0.0 0.0 0.0
Clean start 14.0 2.0 17.7 16.0 13.0
NB-TF (top-1) 19.0 3.0 17.9 16.5 14.5Mamba-2-8B

NB-TF (top-4) 22.0 2.5 16.4 17.0 14.7

Plain 42.5 5.5 90.2 67.5 55.7
NB-TF(top-1) 42.5 5.5 90.2 67.5 55.7Qwen3.5-9B
NB-TF(top-4) 45.0 5.5 90.7 69.0 56.8

Table 6: MemoryAgentBench results by task family and replay budget. Accuracy (%) for
Mamba-2-8B and Qwen3.5-9B, using matched examples within each backbone. RULER QA dif-
fers from the RULER-NIAH tasks reported in this paper. Overall reports the macro-average over
evaluated tasks. For Mamba-2, Clean start resets the inference state without replay, while NB-TF
additionally replays retrieved evidence. Bold marks the best score within each backbone, including
ties.

Comparison with pretrained state-caching methods. Table 5 extend Sec. 4.2 with published
results for Memory Caching (MC; Titans+SSC) (Behrouz et al., 2026) and MARCH (Zhang et al.,
2026). Both incorporate state caching during pretraining and use 16K training sequences for their
LongBench results; MARCH is pretrained on 50B tokens. These results provide contextual ref-
erences, given differences in model sizes and pretraining protocols. Using an off-the-shelf GDN
checkpoint pretrained on short contexts (m-a-p/1.3B-100B-GatedDeltaNet-pure, trained
on 2K), NB-TF achieves 16.07 overall, exceeding MARCH (14.87) and approaching MC (16.50),
with no additional training. NB-LoRA further reaches 23.03 using fewer than 9.3M adaptation
tokens. Beyond LongBench, GDN with NB-TF retains approximately 70% mean accuracy across
six RULER tasks at 1M tokens (Sec. 4.1), without context-extension training. Together, these re-
sults demonstrate that effective long-range memory can be added to existing checkpoints without
pretraining a specialised memory architecture.

Task-family results and replay budgets on MemoryAgentBench. Table 6 expands Section 4.3
with task-family results at R = 1 and R = 4. For Qwen3.5-9B, top-1 matches Plain, while top-4
increases overall accuracy from 55.7 to 56.8. Larger replay budgets are not uniformly beneficial: for
Mamba-2-8B, increasing R improves single-hop FactConsolidation from 19.0 to 22.0 but reduces
EventQA accuracy from 17.9 to 16.4.
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Figure 7: Breakdown of NoteBank’s computation overhead. Added analytical FLOPs for NB-
TF with top-2 replay relative to Plain on RULER, using matched output lengths. Stacked bars
separate writing/indexing, question encoding, routing, and replay for GDN, GDN-2, and Mamba-2.
Annotations report routing costs at 1M tokens in GFLOPs.

Gated DeltaNet Transformer

Metric Plain + NB-TF Full + SW4K + InfLLM

RULER @ 1M ↑ 1.71 70.33 0 1.17 0
GPU peak (GiB) ↓ 2.93 3.27 55.18 5.41 7.30
CPU archive (MiB) ↓ 0 0.98 0 0 48930.00

Table 7: Retrieval quality vs. measured storage at 1M tokens. RULER averages six NIAH tasks.
GPU peak includes model weights. CPU archive reports compact payload accounting for NB’s
token IDs and span-location records for NoteBank, and counted host KV for InfLLM.

State reset and evidence replay in Mamba-2. As discussed in App. C.3, Mamba-2 suffers
severely from long-context state explosion, and by decoupling memorisation and recurrent com-
putation, NoteBank facilitate a bypass: resetting the recurrent computation when performing QA
and answering questions using only the retrieved evidence. Table 6, shows that clean start raises
Mamba-2-8B’s overall accuracy from 0.0 to 13.0, showing that the accumulated inference state sub-
stantially impairs readout. NB-TF further improves accuracy to 14.5 with top-1 and 14.7 with top-4
replay. The largest gain over Clean start occurs on single-hop FactConsolidation, from 14.0 to 22.0.
Thus, resetting accounts for much of the recovery, while retrieved evidence provides additional,
task-dependent benefits.

Efficiency breakdown. Figure 7 decomposes the additional analytical FLOPs of NB-TF into writ-
ing/indexing, question encoding, routing, and replay. Writing and indexing grow linearly with con-
text length but reuse native features without another backbone pass. Question encoding and replay
remain approximately constant for fixed question length and replay budget. Routing grows with the
archive size, yet matching compact addresses costs only 1.09, 1.72, and 0.50 GFLOPs at 1M tokens
for GDN, GDN-2, and Mamba-2, respectively. Thus, operations that scan the context or archive
remain lightweight, while additional backbone computation is confined to the question and retrieved
evidence. Together, these costs add only 0.0171%–0.0250% to full-model analytical FLOPs at 1M
tokens. These arithmetic estimates do not imply an equivalent latency overhead.

Practical runtime and memory discussion Table 7 relates retrieval quality to GPU and CPU
memory footprints at 1M tokens. The three Transformer configurations share the same check-
point. Full attention requires 55.18 GiB of peak GPU memory. InfLLM uses 7.30 GiB of peak GPU
memory while retaining 47.78 GiB of historical KV on the CPU. SW4K achieves lower latency at
61.38 s, but scores only 1.17 on RULER, compared with 70.33 for GDN with NoteBank. These
cross-backbone comparisons characterise the evaluated systems, whereas the paired GDN measure-
ments isolate NoteBank’s incremental cost. GPU figures report measured peak allocated memory,
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Routing Signal Auxiliary Retriever Time @ 1M (ms)
RULER @ 1M LongBench
GDN Mamba-2 GDN Mamba-2

Random None – 1.7 0.0 21.96 13.83
Input embedding None 7,600 30.8 20.8 22.40 16.70
Native (NB) None 26 59.8 37.6 23.03 14.25

BM25 Lexical index 87 64.0 52.7 23.50 18.66
BGE External encoder 2,630 45.4 34.0 23.77 17.24

Table 8: Routing quality and computational cost. Scores average six RULER tasks at 1M tokens
and 12 LongBench tasks, with LoRA readers fixed across routers within each backbone and bench-
mark. Bold marks the best score within each auxiliary-retriever group. Native routing matches
backbone features and aggregates channel votes; input embeddings are mean-pooled. Reported
times use a 4092-note bank at 1M: Native includes question probing and voting, BM25 runs on
CPU, and BGE reports full-bank encoding. Timing scopes differ and do not constitute a matched
query-latency comparison; no Random timing is available. None indicates no auxiliary retriever,
not zero computational cost.

including model weights; CPU archive figures report compact payload accounting for NoteBank and
counted host KV bytes for InfLLM.

Retrieval: quality vs cost. Table 8 supplements the main-text quality comparison with runtime
costs for a 4092-note bank at 1M tokens. For GDN, native routing takes 26 ms, including question
probing, feature matching, and channel voting. CPU BM25 takes 87 ms in our implementation and
achieves the highest RULER scores. This illustrates an alternative quality-cost trade-off within the
same archive and reader. The input-embedding and BGE entries report 7,600 and 2,630 ms, respec-
tively, but their timing scopes differ; in particular, BGE includes full-bank encoding. These figures
therefore describe the reported implementation costs rather than a matched per-query latency bench-
mark. The small measured overhead of the native query-and-route path, together with its retrieval
quality and lack of an auxiliary encoder or lexical index, supports native routing as a practical default
while leaving room for alternative routers to improve quality.

D.2 ABLATION STUDY

We study the per-chunk write budget W , replay budget R, span budget B, and chunk size C on
GDN and Mamba-2. Training-free ablations report mean accuracy across six RULER tasks from
4K to 1M tokens, together with analytical added FLOPs where applicable. We additionally examine
the interaction between R and B with NB-LoRA on twelve LongBench tasks.

Write budget W . We test whether retaining more notes per chunk improves retrieval by compar-
ing W = 1 and W = 2, averaging over R ∈ {1, 2, 4} (Figure 8). Writing two notes consistently
improves accuracy across both backbones and all evaluated context lengths. The gain comes with
little change in analytical added FLOPs, since native feature extraction and distinctiveness scoring
are shared across notes. This supports W = 2 as an effective way to improve archive coverage, at
the cost of storing more notes.

Replay budget R. We vary R ∈ {1, 2, 4} to assess the benefit and computational cost of replay-
ing additional evidence (Figure 9). At 1M tokens, increasing R from 1 to 4 raises GDN accuracy
from 59.5% to 75.2% and Mamba-2 accuracy from 37.1% to 40.8%. The benefit is not uniform:
GDN peaks at R = 2 at 4K, and Mamba-2 shows small or negligible gains in some long-context
settings. Larger budgets increase replay computation, but its relative cost decreases as context in-
gestion accounts for more of the full-model FLOPs. Thus, additional replay can improve retrieval,
with diminishing returns that depend on the backbone and context length.

Chunk size C. We vary C from 64 to 2048 to examine how writing granularity affects retrieval,
averaging over R ∈ {1, 2, 4} (Figure 10). GDN’s default C = 512 matches or exceeds C = 64
across the evaluated lengths, whereas C = 2048 substantially reduces accuracy. Mamba-2 benefits
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Figure 9: Effect of the replay budget on retrieval and computation. Six-task mean RULER
accuracy versus analytical added FLOPs for NB-TF with R ∈ {1, 2, 4} on GDN and Mamba-2.
Labels indicate context lengths; connected markers compare replay budgets at the same length.
Additional replay generally improves accuracy, with gains depending on the backbone and context
length.

more from frequent writing: C = 64 outperforms its default C = 256 at long contexts, while
C = 512 and 2048 perform worse. The FLOPs differences are small, although smaller chunks
permit denser archives and therefore increase storage requirements. These results show that useful
writing granularity depends on the backbone, and that very coarse chunks can discard opportunities
to preserve evidence.

Span budget B. We jointly vary B ∈ {64, 128, 256} and R ∈ {1, 2, 4} to distinguish longer
notes from replaying more notes (Figure 11). For GDN, B = 64 performs best with top-1 replay
at every evaluated length, while B = 128 often helps with larger replay budgets at long contexts.
For Mamba-2, B = 256 consistently underperforms both smaller span budgets at matched replay
budgets. At 1M, the best settings in this grid use (B,R) = (128, 4), reaching 76.8% for GDN and
41.3% for Mamba-2. Larger text budgets therefore do not automatically improve retrieval; span
length and evidence coverage must be considered jointly.

Interaction: replay × span budget. We evaluate the same R-B grid with NB-LoRA on Long-
Bench, reporting marginal averages and the full configuration heatmaps (Figure 12). Averaged over
span budgets, increasing R from 1 to 4 reduces GDN’s score from 23.02 to 21.36. However, the
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Figure 11: Joint effects of span and replay budgets. Six-task mean RULER accuracy (%) for NB-
TF on GDN (top) and Mamba-2 (bottom), at context lengths from 4K to 1M. Each heatmap varies
the span budget B ∈ {64, 128, 256} across columns and replay budget R ∈ {1, 2, 4} across rows.
Longer spans do not consistently improve accuracy; their benefit depends on the replay budget and
backbone.

heatmaps reveal an interaction hidden by these averages: GDN performs best at (B,R) = (256, 2)
with a score of 24.13, while Mamba-2 peaks at 17.81 with (B,R) = (128, 4). For Mamba-2,
B = 128 is also the best span budget at every replay budget. Read adaptation therefore does not re-
move sensitivity to evidence quantity and granularity, and the best configuration remains backbone-
dependent.
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Figure 12: Replay–span interaction with read adaptation. LongBench macro-average scores over
twelve evaluated tasks for NB-LoRA on GDN (top) and Mamba-2 (bottom). Left: varying replay
budget R, with averages over span budgets. Middle: varying span budget B, with averages over
replay budgets. Right: scores for each (B,R) configuration. The best replay and span budgets
depend on the backbone.
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