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ABSTRACT

Transformers are efficient to pre-train at scale because attention permits parallel
computation across sequence positions, but long-context inference requires in-
creasingly large KV caches. Efficient recurrent alternatives reduce the asymptotic
complexity of inference, but their sequential dependence limits token-wise paral-
lelism during training, making them harder to scale. Further, the current paradigm
of extending long context tasks creates competing notions of retaining informa-
tion precisely and keeping long-context inference efficient. To address this gap,
we introduce Titan-Llama, a post-training method for retrofitting attention-based
language models with a hierarchical memory architecture that updates parameters
at test-time. Titan-Llama applies a blockwise attention mask and preserves full-
fidelity attention over recent tokens while compressing historical context into re-
current, fixed-size neural memory modules (NMMs). Our formulation allows pre-
trained attention layers to be replaced without training a new language model from
scratch. On Llama-3.2-1B-Instruct, Titan-Llama raises accuracy over segmented
attention windows from 23.87% to 40.51% on QuALITY and from 14.50% to
40.75% on LongHealth. Inference benchmarks show more than 20% faster prefill,
37% faster decode at medium context lengths, and 24% lower steady-state decode
memory usage in the evaluated configurations. Together, these results demon-
strate that incorporating memory architecture mechanisms that utilize test-time
training effectively modulates long-context behavior of pre-trained models, offer-
ing a practical route to adapting pre-trained transformers for efficient long-context
inference. Our code is released on GitHub.

1 INTRODUCTION

Transformers are efficient to train at scale because attention permits parallel computation across
sequence positions. At inference time, however, retaining keys and values for an increasingly long
context cause the KV cache to grow. Linear attention and state-space models offer more efficient
recurrent inference, but adopting a different architecture generally requires training a new model
rather than reusing a pre-trained attention backbone (Katharopoulos et al., |2020; |Gu & Daol 2024)).
Scaling large language models requires advances in both representational capacity and inference
efficiency, which naturally motivates retrofitting the architecture of transformer-based models to
better suit them for inference.

The growing KV cache raises the question of how should a pre-trained transformer best retain
information from distant tokens without necessarily storing every historical key and value. Ti-
tans (Behrouz et al., 2024)) represents distant information in an RNN dubbed the neural memory
module (NMM), effectively parameterizing historical tokens as fast weight updates to a fixed-size
NMM. This motivates our design in using full attention for local windows and representing older to-
kens in a fixed-size MLP. It is also worth noting that work in KV cache compaction similarly argues
that exacting inference tasks do not necessarily require full fidelity on the KV cache (Zhang et al.,
2023} Zweiger et al., 2026).

Our work combines these two ideas and develops a method to post-train lightweight, external mod-
ules to improve inference efficiency. We partition attention into local and historical contributions,
preserve the local contribution, and train a neural memory module (NMM) to provide information
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Figure 1: Titan-Llama architecture at a glance. Left: The inner loss generates gradients at test-time
w.r.t. MLP weights, teaching it to memorize historical attention key-value bindings. Right: The
query associated with a local hidden state is used to retrieve a value from the NMM. This value,
approximating the historical attention output, is then used as a residual and injected into the lambda-
gated output stream.

from historical context. At test time, a self-supervised key-value reconstruction loss updates the
NMM as new chunks arrive. This objective supplies a self-supervised learning signal without la-
bels, although reconstructing key-value pairs does not guarantee exact reproduction of historical
attention. Notably, we keep the pre-trained backbone frozen and are able to recover significant
performance while training external weights amounting to only 1% of the total parameter footprint.

Two main considerations guide our design:

1. How can we post-train a pre-trained LLM to use Titans as a means to achieve fixed-size
context compaction?

2. How can we make the resulting model efficient in practice, accounting for the cost of
updating memory during prefill as well as storing and reading it during decode?

2 RELATED WORK

Hierarchical Architectures. Prior work has found success using hierarchical systems to model
long dependencies, or more precisely, different mechanisms to model local and distant relation-
ships (Beltagy et al., 2020} |Qiu et al., 2020; Kitaev et al.,[2020; Bulatov et al.,|2022). Many of these
approaches, however, do not take advantage of caching and must recompute global attention scores
with every new token generated (Patel et al., [2024} |Ainslie et al.| 2020). Instead, we try to design a
method that aligns with the abstraction of prefill and decode phases where historical context can be
stored in the NMM via test-time training at prefill time.

Other hierarchical approaches apply downsampling operations to the sequence itself, whereas our
time steps follow the chronological arrival of the context. (Hwang et al., [2025; Nawrot et al.| 2022}
Slagle}, [2024)).

Retrofitting Pre-trained Models. Modifications to the attention architecture to leverage trans-
formers’ training parallelism to fit inference-time objectives have also been studied in prior litera-
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ture (Bick et al.|, 2025 Wang et al.,[2025a)). These approaches differ in how much of the original
model they preserve and how they train the replacement mechanism. For instance, some approaches
use distillation objectives to fully convert architectures from scratch while others fine-tune modular
components (Eyuboglu et al 2025} [Kojima et al.| [2025). Our work aims to fine-tune a small, exter-
nal set of weights that, through training on next token prediction, can learn how to best modulate a
frozen backbone.

Test-time Training. Test-time training (TTT) methods apply gradient updates to a subset of
weights at inference time, creating a meta-objective for the slow weights to be able to “learn to
learn” (Sun et al., [2020; 2025; [Finn et al.,|2017). Recent studies utilize TTT approaches to extend
the effective context length or to use it to greater effect (Bansal et al.| 2025). However, some meth-
ods keep the underlying architecture intact, with gradients applying to the MLP layers, decreasing
throughput (Feng et al.,2026)). The hierarchical approach we use replaces attention for longer-range
dependencies with RNNs, which actually improves throughput and average memory footprint for
long-context tasks

The TTT works that provide us the most inspiration and are most similar to ours are Titans (Behrouz
et al.l 2024) conceptually and LaCT (Zhang et al., |2025) methodologically, but we focus on the
post-training dynamics of retrofitting LLMs rather than pre-training or video. Importantly, we also
use a self-supervised inner objective rather than final logit prediction, as other TTT approaches
do (Tandon et al.| 2025 [Kuratov et al., 2026} Behrouz et al.| [2025)).

Titans. To motivate the attention KV binding used in Titans from first principles, consider the
vanilla attention operation, which applies a softmax operation to q " k before applying it to the v
matrix (Sun et al., 2025). In abstract, we can view this as a two-layer MLP where the softmax
serves as an activation function and maps keys to values (Han et al.| [2026; [Wen et al., 2026). In
linear attention, by replacing the softmax with a homomorphic function, we collapse the MLP into
a single linear map, thereby reducing representational capabilities (Katharopoulos et al., [2020). In
the Titans view, efficiency can be achieved by encoding the fast-weight MLP explicitly in neural
architecture and simulating fast weights via test-time training (TTT) (Behrouz et al.| [2024; 2025).

3 METHOD

3.1 APPROXIMATING HISTORICAL ATTENTION AS A RESIDUAL

As shown in Figure [I] our Titan-Llama layers encode distant information in a fixed-size RNN
state and local information with attention, loosely resembling the distinction between lossy long-
term memories and vivid recent ones. We now show that contributions to attention from local and
historical contexts are easy to partition. This allows us to approximate full attention by predicting
the historical output and the mixing weight.

For a query q at position ¢ and segment length k, let b, = k|t/k| denote the start of the current
segment. We partition the available keys and values into historical positions H = {7 : ¢ < b;} and

local positions £ = {i : by < i < t}. With scores s, = q ' k;/ Vd, define
Zhist = Z eSi; Zlocal = Z 681'7
i€H icL
and the attention outputs normalized within each partition:
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As in the blockwise formulation of exact attention by [Dao et al.| (2022)), we can partition the softmax
numerator and denominator into historical and local contributions, with A representing the fraction
of attention mass assigned to history:
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Figure 2: Long-context language modeling and decode latency. Left. Change in per-token negative
log-likelihood relative to full attention, measured on Pile. Titan-Llama with 1024-token segments
beats full attention from 16K through 128K. Right. Median single-token decode latency on an A100
at batch size one, after prefill and warmup (lower is better). Titan-Llama’s CUDA-graph-enabled
decode is faster than the measured full-attention, Mamba-2, Gated DeltaNet, and In-Place TTT
implementations across the reported lengths (Dao & Gul 2024} Yang et al.| 2025).

Finally, we can construct the full attention output as a linear interpolation between the historical and
local outputs with parameter \:

T T
q Khist q Klocal)
O = Asoftmax | ——=— | Vgt +(1 — A) softmax | ——— | Vioca 1
( Nz ) hist +( ) ( N local (D

historical attention local attention

|0 = 2Oy + (1 = \) Ot

Our approach replaces the historical term Oy with a read Ohist from recurrent memory and predicts
its mixing weight. In practice, we predict both A and Oy and approximate full attention outputs

with the expression: AOpise + (1 — A)Ojocar. Importantly, this identity does not imply that historical
attention can be compressed without loss.

3.2 READING AND WRITING AT TEST-TIME

Following the derivation in Section we seek to approximate historical attention, or Ohist, With
the external neural memory module (NMM) as used in Titans (Behrouz et al.| 2024). We make the
design choice to blend the retrieved output with a learned gate as a residual added to the local atten-
tion output, prior to passing the result to the remaining layer computation. This is similar to other
implementations that add the value read from the RNN to the residual stream after attention (Feng
et al.| 2026)) and use it to replace attention entirely in certain layers (Tandon et al., 2025)).

We inject the RNN read as a residual into the attention output because this is a natural implemen-
tation of equation [T]and aligns with the inner-loss objective described below. This also allows us to
modulate an existing LLM backbone without changing any of the parameters already set.

Read. As shown in Figure[T] we use the NMM to memorize the attention key—value mappings from
historical attention windows and provide a residual to the current local-attention output, with the two
contributions balanced by a per-channel A vector. More specifically, for each query ¢, the NMM
retrieves a historical attention residual ()hist = M(q), while a learned gate is computed per channel
as:

\ = o (W) RMSNorm(q) + by) .
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We combine this local attention output with the NMM retrieval as Ofull attention = S\Ohist + (1 -

5\)010031. We show this expression approximates Oy aention 10 Section For tokens in a chunk,
the NMM read uses the state accumulated from preceding chunks. During inference, once a full
chunk has been processed, its keys and values are used to compute the loss that updates the NMM.

Write. To update the NMM at inference time, we minimize a squared-error key—value reconstruc-
tion loss over each multi-token chunk ¢, binding a map between K and V:

Le= MK - VCHQ-

This loss gives the memory module a training signal at every chunk without requiring labels or a
teacher attention output. It encourages the module to retain associations present in the historical
keys and values, which future queries may use for retrieval. A future query, however, need not
coincide with a stored key, and historical attention can combine values from several positions. Key—
value reconstruction is therefore a surrogate for useful memory, rather than an exact objective for
reproducing historical attention.

Optimization is done via gradient descent on the NMM once per chunk using learned momentum,
decay, and step-size parameters:

M, = (1 - ac)Mc—l + S, S, = 77cSc—1 - GCVMLC(MC—1)~

In practice, we do not perform this update on a per-token scale, and instead use fixed-size token
batches to take advantage of modern hardware. For even more efficiency, we use an offline variant
of this algorithm by batching the gradient update over multiple chunks.

3.3 ARCHITECTURE

We make several architectural choices to adapt pretrained LLM:s for efficient inference. First, block-
wise attention allows us to decouple long-term relationships within the context. This mask com-
plicates the interpretation of equation [I| because earlier layers also use segmented attention, so the
historical keys and values differ from those produced by the full-attention model. Blockwise atten-
tion also provides a natural threshold for NMM hidden-state updates and inference-time gains from
sparse computation.

As shown in equation [I] attention outputs are the mass-weighted sum of local and historical contri-
butions, which we aim to simulate via a predicted A. This is nontrivial as our use of A essentially
substitutes the usage of a softmax normalization as a means of token reweighting and mixing. We

choose to utilize a linear layer on top of the hidden input stream to predict A as it is a query-dependent
quantity, and we use it to interpolate between O)gcy and Opig.
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Figure 3: The effects of scaling chunk size on downstream performance and efficiency. Left. Scaling
chunk size improves performance on long-context reasoning tasks like QUALITY and LongHealth.
Middle. RULER trends are mixed. Longer chunks help at intermediate lengths but do not consis-
tently improve associative recall. Detailed RULER results can be found in Table[5]in the Appendix.
Right. Larger chunks increase prefill latency as memory bandwidth saturates.
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Table 1: RULER S-NIAH accuracy (%) across context lengths. Titan-Llama matches full attention
on 32K pass-key retrieval and achieves the strongest non-full-attention UUID scores at 8K-32K.
Relative decode time (]) averages next-token latency divided by full-attention latency at 8K, 16K,
and 32K on A100. T marks timings of publicly available code that may not utilize caching.

Relative decode
S-NIAH-1 (pass-key) S-NIAH-2 (number) S-NIAH-3 (UUID) time |

Model 8K 16K 32K 8K 16K 32K 8K 16K 32K Mean
Full attention  100.0 100.0 100.0 99.0 100.0 100.0 64.0 64.0 83.0 1.00
Mamba-2 99.0 49.0 260 99.0 43.0 28.0 77.036.0 24.0 2.70
Gated DeltaNet 100.0 50.0 26.0 100.0 43.0 27.0 91.0 45.0 23.0 2.59
LaCT 98.0 43.0 22.0 100.0 43.0 27.0 74.0 34.0 23.0 45.87
TTT-E2E 100.0 46.0 240 99.0 43.0 28.0 77.0 440 24.0 1157
Titan-Llama  100.0 100.0 100.0 96.0 78.0 88.0 92.0 86.0 48.0 0.689

4 EXPERIMENTS

We convert the first four layers of Llama-3.2-1B-Instruct (Grattafiori et al., |2024) to blockwise
attention and add a neural memory module for each KV head. The remaining layers retain full
attention. This setting tests whether memory can recover information no longer accessible through
attention in the converted layers, without requiring every layer to rely on the new mechanism.

Each three-layer NMM learns historical key-value bindings using a self-supervised test-time objec-
tive. During post-training, we optimize the external modules for language modeling while keeping
the pre-trained backbone frozen. We conduct a series of experiments to measure how much long-text
performance the NMM recovers, which forms of recall it supports, and how our architectural design
affects inference costs.

4.1 POST-TRAINING FOR LONG CONTEXT REASONING

We post-train Titan-Llama on long sequences using a standard next-token prediction loss, while
the NMM continues to update its fast weights through the self-supervised key-value objective in
Section[3.2] The language modeling loss trains the added components to make those memory reads
useful to the frozen backbone. We initially considered distilling the backbone’s historical attention
output into the NMM, but found this difficult to scale and ineffective in practice. Under our final

objective, Ohigt need not reproduce that output exactly and instead learns a contribution that helps
predict future tokens under segmented attention.

We show that training Titan-Llama on next-token prediction, the details of which can be found in
Appendix [A] improves not just next-token prediction but also recall and reasoning over long-term
dependencies. We evaluate long-context question answering on QUALITY (Pang et al., [2022)) and
LongHealth (Adams et al.,[2024). Results are shown in Figure [3|and compared against a segmented
attention baseline to show the effect induced by adding the NMM.

Figure [2| shows how language-modeling loss and decode latency change with context length. Loss
delta is the difference in per-token negative log-likelihood from full-attention Llama, so values below
zero indicate better performance. With 1024-token segments, Titan-Llama stays below zero from
16K through 128K tokens, while the measured Mamba-2, Gated DeltaNet, and LaCT baselines incur
larger loss penalties at longer contexts. Because the model is training on sequences of at most 16K
tokens, the measurements beyond 16K also test how its language-modeling behavior extends beyond
the training length.
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Table 2: RULER accuracy by task family and context length. Titan-Llama recovers much of the
accuracy lost to attention segmentation, although the gap to full attention widens on some tasks at
longer contexts. Multi-key and FWE/CWE results exceed the full attention baseline.

Model Single needle Multi-key Multi-query

4K 8K 16K 32K 4K 8K 16K 32K 4K 8K 16K 32K

Full attention 100.0 993 100.0 993 820 740 633 573 995 94.0 940 835
Segmented attn.  10.7 0.0 0.0 00 00 0.0 00 00 00 00 00 0.0
Titan-Llama 973 960 8.0 787 913 88.0 66.7 393 965 905 705 345

Model Multi-value FWE/CWE HotpotQA

4k 8k 16k 32k 4k 8k 16k 32k 4k 8k 16k 32k

Full attention 995 975 890 70.0 59.1 392 221 200 48.0 40.0 46.0 36.0
Segmented attn. 1.5 0.0 0.0 00 270 98 33 0.0 80 00 00 0.0
Titan-Llama 880 81.0 63.0 53.0 534 449 327 248 400 46.0 28.0 26.0

4.2 RULER EVALUATION

Aggregate language-modeling loss does not tell us which kinds of historical information are best
encoded by the NMM. The RULER benchmark measures different types of recall over long se-
quences, including retrieval of individual values, multiple associations, and word-frequency infor-
mation (Hsieh et al.,|2024)). The RULER results in Table [2] compare full attention, segmented atten-
tion without memory, and Titan-Llama. The NMMs are able to effectively enrich representations
enough to recover the majority of backbone performance, particularly for single-needle and multi-
key retrieval at lengths up to 16K.

Unexpectedly, Titan-Llama also exceeds the full-attention baseline on multi-key retrieval at 4K—16K
and on frequent/common word extraction at 8K—32K. Multi-value retrieval remains below full at-
tention for every length, suggesting greater difficulty returning several distinct values from the same
context. Performance declines at 32K, beyond the 16K training length, suggesting limited length
generalization in this setting. This reveals that the NMM can perform semantic retrieval, accumula-
tion, and recall of individual values, but is less proficient at recovering several values at once.

When compared to other efficient architectures in Table |1} Titan-Llama matches the full attention
baseline on pass-key retrieval and exceeds full attention performance on UUID recall at 8K and
16K. On 32K pass-key retrieval, it also retains full accuracy where the measured efficient-model
baselines decline. These comparisons show that compacting history can preserve strong retrieval
on some tasks, even though the broader RULER results show that it does not preserve every form
of recall equally well. Especially compared to RNN-based models with limited full-attention layers
such as Mamba-2 and Gated DeltaNet, Titan-Llama’s performance does not degrade as severely with
increasing context lengths.

4.3 INFERENCE GAINS

While various studies have applied TTT to modulate existing architecture in transformer, full atten-
tion oftentimes serves as a lower bound on performance and a ceiling on inference efficiency. (Feng
et al.| [2026) Because our use of TTT adapts a cheaper replacement to long-context relationships,
we are able to harness greater inference efficiency. The decode comparison in Figure [2| shows this
in effect as Titan-Llama has lower median single-token latency than the measured full-attention and
efficient-model baselines across the reported context lengths.

Figure 4] separately measures how these costs change as we convert more layers. At longer prompt
lengths, Titan-Llama achieves lower prefill latency than the full-attention backbone, and the advan-
tage grows with the number of converted layers, the details of which can be found in Appendix
In fact, the prefill process for Titan-Llama is more than 20% faster than full-attention at long prefill
lengths with only five converted layers. The steady-state decode memory usage for Titan-Llama is
also 24% lower than full attention with the KV cache, though peak memory usage during prefill
is more expensive for partial hybrids. This reflects our intuition that our approach should result in
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Figure 4: Increasing the proportion of Llama 3.2 1B layers retrofitted with NMMs increases token
decode throughput, decreases prefill latency, and also decreases memory footprint during token de-
coding. Peak memory footprint during prefill for partial Titan-Llama hybrids exceeds full-attention
Llama while retrofitting all layers leads to lower peak memory footprint. Benchmarking was per-
formed on a single 80GB NVIDIA A100 GPU.

inference economics gains, with one practical limitation that the peak memory footprint of Titan-
Llama exceeds that of full attention in shorter sequence lengths and in hybrid variants.

4.4 SCALING CHUNK SIZE

The chunk size in Titan-Llama corresponds to the number of tokens in a local window as well as
the effective token batch size for the inner objective loss. A similar hyperparameter affects not just
inference dynamics but capabilities in other studies as well |Feng et al.| (2026). Changing it affects
both what information remains available through exact local attention and how often the NMM is
updated. The RULER and long-context reasoning results seen previously utilized 512-token seg-
ments. Figure [3| varies the chunk size from 512 to 2048 tokens. Larger chunks improve accuracy
on QUALITY and LongHealth, but their effects on RULER are mixed: they help some task-length
combinations while reducing accuracy on others, including several needle retrieval settings.

We also study the effects of scaling context length on RULER performance and show in Appendix
Table [3] that shorter context lengths lead to better performance on NIAH-style tasks while longer
chunk sizes lend better semantic retrieval.

Larger chunks also increase measured prefill latency. Chunk size thus sets a task-dependent balance
among local attention, the frequency of memory updates, and inference cost, rather than providing
a uniform accuracy gain.

5 DISCUSSION

The idea of using test-time training on an MLP to improve language model capabilities, whether on
an existing part of LLM architecture or on external modules, has been well explored in a substantial
body of work. (Behrouz et al.l 2024; Feng et al., 2026} [Tandon et al., [2025} |Sun et al.| 2025; Zhang
et al., 2025) Compared to these studies, however, our main contribution seeks to take advantage of
the theoretical understanding of the updated set of weights as a memory mechanism and use it to
substitute the long-range attention calculations of a pre-trained backbone.

To that end, our results corroborate the current line of research which utilizes TTT to improve
language modeling, while demonstrating practical inference-efficiency benefits. Similar to [Zhang
et al.| (2025); Behrouz et al.| (2024), we show that TTT using KV binding effectively learns to do
language modeling. And like Feng et al.| (2026)), we show that TTT can extend the context window
for certain tasks.

Our work also allows for open questions such as scaling NMM size or changing the NMM architec-
ture. Further, understanding the mechanisms behind memory retrieval is a natural extension of this
work, and exploring the use of inner-loop objectives other than KV binding could lead to improve-
ments on this method.
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A TRAINING DETAILS

A.1 DATASETS

We train on one billion tokens of packed sequences from FineWeb, with a maximum sequence length
of 16K tokens (Penedo et al. |2024). We then perform supervised fine-tuning on LongAlign (Bai
et al.,[2024) and LoongRL (Wang et al.,2025b). A final fine-tuning stage uses the QUALITY training
set to adapt the model to multiple-choice answering (Pang et al., 2022).

A.2 HYPERPARAMETERS

The first four Llama layers each contain one neural memory module (NMM) per KV head. Each
NMM is a three-layer network with a hidden dimension of 64 and GELU activations. The added
components contain 17.23M trainable parameters in total.

We use a batch size of 64 during the initial training stage, corresponding to approximately one
million tokens per batch at the maximum sequence length. Supervised fine-tuning uses a batch size
of 128 with variable answer lengths. The inner-loss batch size equals the chunk size. We evaluate
chunk sizes of 512, 1024, and 2048 tokens in Section@ Compute constraints prevented a broad
search over these architectural and training choices.
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Figure 5: Inference cost when later attention layers are restricted to local windows. The plot shows
a 512-token window. Restricting more layers limits the growth of the KV cache and makes decode
throughput less sensitive to prefill length.

B INFERENCE IMPLEMENTATION

Autoregressive decoding performs many small operations for each generated token. At batch size
one, the cost of launching those operations can be substantial. For the measurements in Figure[d we
compile the Titan-Llama layers in CUDA Graph “reduce-overhead” mode and replay their single-
token decode computations. Compilation and graph capture take place during warmup, outside the
timed decode steps.

The captured computation uses a preallocated KV ring buffer for each attention segment. Cache
positions and memory-store indices are updated in place on the GPU, and attention operands retain
fixed shapes. We capture separate paths for ordinary tokens and for tokens that complete a memory-
update chunk. The remaining full-attention layers are compiled without graph capture so that they
retain their optimized attention implementation.
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Table 3: Multiple-choice accuracy when the later attention layers are also restricted to local win-
dows. Neural memory improves both tasks relative to segmented attention alone, but does not re-
cover the full-attention baseline.

Model QuALITY LongHealth

Full attention (Llama-3.2-1B-Instruct) 43.34 +1.08 54.25 + 2.49

Local-visibility variants
Segmented attention, no NMM 26.8 15.8
Segmented attention, with NMM 35.2 32.3

CUDA Graphs reduce launch overhead but still execute the underlying kernels. A fused implemen-
tation of the memory read, update, and output blend could reduce intermediate memory traffic and
launch overhead further. Such an implementation would need to preserve the ordering of reads and
updates at chunk boundaries.

C ADDITIONAL EXPERIMENTS

C.1 RESTRICTING THE VISIBILITY OF LATER ATTENTION LAYERS

In the main configuration, the layers after the Titan-Llama layers retain full attention. They can
therefore access earlier tokens directly, even though the converted layers use segmented attention
and neural memory. To test how much the model relies on this remaining full attention, we also
restrict the later layers to local windows. In this variant, neural memory is the only route by which
information from a completed segment can affect later segments.

The restriction reduces inference cost, as shown in Figure [5] but it also causes a large loss in accu-
racy. On QuALITY, adding the NMM raises accuracy from 26.8 to 35.2; on LongHealth, it raises
accuracy from 15.8 to 32.3 (Table[3). Both results remain below the full-attention baseline. The
RULER results in Table [] show the same limitation more sharply: the NMM provides occasional
gains over segmented attention, but neither configuration reliably retrieves information across seg-
ments.

Table 4: RULER accuracy by task family and context length when later attention layers are restricted
to local windows. Results use cached autoregressive decoding. Accuracy remains low on most tasks,
indicating that the NMM does not recover the information available through the later full-attention
layers in the main configuration.

Model Single needle Multi-key Multi-query Multi-value
4k 8k 16k 32k 4k 8k 16k 32k 4k 8k 16k 32k 4k 8k 16k 32k

Segmented attn. 0.0 3.3 13 0.7 03 1.3 0.0 0.0 2.0 1.8 0.8 0.3 1.0 3.8 2.0 0.0
Titan-Llama 1.0 47 40 1.7 13 23 07 1.0 35 28 1.0 13 1.038 1.8 1.0

Model FWE/CWE HotpotQA SQuAD VT
4k 8k 16k 32k 4k 8k 16k 32k 4k 8k 16k 32k 4k 8k 16k 32k

Segmented attn. 22.7 10.1 4.2 2.7 17.0 9.0 1.0 2.0 31.4 1.0 0.0 0.0 0.4 0.0 0.0 0.0
Titan-Llama 23.6 8.1 3.8 2.7 20.0 8.0 11.0 16.0 27.3 4.0 2.3 3.0 0.0 0.0 0.0 0.0

C.2 CHUNK SI1ZE AND RULER PERFORMANCE

Chunk size controls both the span of local attention and the number of tokens used for each memory
update. TableE]reports RULER results for 512-, 1024-, and 2048-token chunks. The effect depends
on the task and context length. The 512- token setting is strongest on most multi-key and multi-value
retrieval settings, while larger chunks improve some individual results, including 16K SQuAD and
multi-value accuracy. These results do not support a single best chunk size across the RULER tasks.
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Table 5: RULER accuracy by task family, context length, and chunk size. Bold marks the best result
among the three chunk sizes for each task and length.

Chunk size Single needle Multi-key Multi-query Multi-value

4k 8k 16k 32k 4k 8k 16k 32k 4k 8k 16k 32k 4k 8k 16k 32k
512 97.3 96.0 88.0 78.7 91.3 88.0 66.7 39.3 96.5 90.5 70.5 34.5 88.0 81.0 63.0 53.0
1024 95.3 92.7 91.0 78.7 81.3 79.3 63.0 36.3 92.8 85.0 51.2 42.2 87.0 68.8 49.0 38.2
2048 90.3 92.7 91.7 51.7 66.3 74.0 67.0 32.3 91.3 88.8 81.2 19.2 87.5 79.2 82.2 25.0
Chunk size FWE/CWE HotpotQA SQuAD VT

4k 8k 16k 32k 4k 8k 16k 32k 4k 8k 16k 32k 4k 8k 16k 32k
512 53.4 44.9 32.7 24.8 40.0 46.0 28.0 26.0 55.5 40.2 36.2 21.5 66.8 68.0 33.6 9.2
1024 54.0 38.7 26.5 21.0 43.0 37.0 34.0 29.0 62.4 39.4 32.1 31.0 49.4 37.6 17.0 32.2
2048 55.1 36.5 32.9 22.4 40.0 33.0 36.0 29.0 67.1 44.1 32.8 27.7 58.2 46.6 12.2 18.0
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