Octopus: Gated Selective Attention for Memory-Bounded Long-Context
Inference in Large Language Models

Anonymous ACL submission

Abstract

Transformer inference becomes increasingly
memory-bound as the Key—Value (KV) cache
grows linearly with sequence length. While
subquadratic architectures offer constant-
memory inference, they rely on aggressive state
compression that degrades performance on
complex reasoning tasks. We propose OCTO-
PUS, a framework that confers fixed-memory
inference onto pretrained Transformers without
the information loss of linearization. OCTOPUS
retrofits attention layers with Gated Selective
Attention, a learnable module that enforces an
adaptive sparsity policy over the context his-
tory. By dynamically scoring and retaining only
high-utility KV states, this mechanism trans-
forms the unbounded cache into a compact,
evolving memory budget that filters out unin-
formative noise. Empirically, on the GSM8K
benchmark, it outperforms state-of-the-art lin-
earized baselines by over 36 points under
identical memory constraints. Remarkably,
OcTOPUS also surpasses its own full-cache
teacher, demonstrating that learned sparse re-
tention serves as an effective regularizer for
long-horizon reasoning. Code: Link.

1 Introduction

Transformer architectures are the dominant back-
bone of modern Large Language Models (LLMs)
(Touvron et al., 2023; Yang et al., 2025; Grattafiori
et al., 2024; Achiam et al., 2023), but their in-
ference efficiency degrades sharply with context
length. Standard self-attention requires storing
Key-Value (KV) pairs for every token in the se-
quence, causing the cache to grow linearly with
context length. In long-context scenarios, the KV
cache quickly dominates GPU memory and makes
inference increasingly memory-bound, limiting
practical deployment (Li et al., 2024; Zhang et al.,
2023; Liu et al., 2025).

To mitigate the KV bottleneck, recent work has
shifted toward subquadratic architectures, includ-
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Figure 1: GSMS8K reasoning under a fixed KV cache
budget (B=128). OCTOPUS not only substantially out-
performs existing budgeted baselines, but also exceeds
the full-cache teacher with a fixed KV cache.

ing State Space Models (SSMs) (Gu and Dao, 2023;
Dao and Gu, 2024) and linear attention variants
(Yang et al., 2024), which enable constant-memory
inference (O(1) complexity) by compressing the
entire history into a fixed-size recurrent state. How-
ever, this aggressive compression introduces a key
trade-off: forcing all past information into a single
state often discards the high-fidelity details needed
for associative recall and complex multi-step rea-
soning, leaving these models behind Transformers
on challenging in-context retrieval and reasoning
benchmarks (Waleffe et al.; Zhang et al., 2025). Re-
cent evaluations under matched pretraining budgets
consistently show substantial performance gaps,
especially on tasks requiring precise long-range
dependency tracking (Waleffe et al.).

A complementary direction attempts to inherit
Transformer capabilities without expensive pre-
training by linearizing pretrained Transformers.
Methods such as LoLCATs (Zhang et al., 2025)
and Lizard (Van Nguyen et al., 2025) approximate
softmax attention using a combination of global
memory vectors and local sliding windows. While
effective for efficiency, these methods force a pre-
trained softmax-based model into a fundamentally
different architectural paradigm. This architectural
mismatch makes exact recovery of the teacher’s ca-
pabilities difficult, often resulting in persistent qual-
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ity gaps on tasks requiring precise long-range de-
pendency tracking (Van Nguyen et al., 2025; Wang
et al., 2024).

In this work, we propose OCTOPUS, a novel
framework that confers fixed-cache inference onto
pretrained Transformers. Our key observation is
simple: in autoregressive model, each generated to-
ken representation already aggregates information
from the entire prefix through self-attention, and
thus already acts as an aggregated summary of the
preceding context. This suggests that the full KV
history is often redundant. If the model can learn
which KV states are truly useful for future pre-
dictions, then long-horizon inference can be made
memory-bounded while retaining Transformer ex-
pressiveness. Octopus retrofits each attention layer
with Gated Selective Attention, by augmenting
standard self-attention with a lightweight gate that
dynamically assigns a utility score to KV states.
These scores are then used to enforce a sparsity
constraint that encourages the model to rely on a
small subset of high-utility tokens. At inference
time, Octopus maintains a fixed KV cache by re-
taining only the highest-utility states, transforming
the KV cache from an unbounded history into a
compact, evolving state. Importantly, the learned
scoring mechanism is budget-controllable: the
same trained model can adjust cache size at runtime
to satisfy different memory constraints without re-
training. Beyond memory savings, Gated Selective
Attention addresses a second limitation of indis-
criminate caching. Standard attention computes a
weighted sum over the entire history, which can al-
locate probability mass to weakly relevant or noisy
tokens degrades long-context reasoning (Ye et al.,
2024). By restricting computation to a curated set
of high-utility KV states, Octopus can act as an
implicit regularizer, filtering uninformative context
and improving robustness in low-memory regimes.

Empirically, our results demonstrate a step-
change in efficiency-performance trade-offs. On
the GSMS8K reasoning benchmark, OCTOPUS
achieves a massive +36 point improvement over
state-of-the-art linearized baselines (e.g., Lizard)
under identical memory budgets.

Overall, our key contributions are as follows:

* We propose OCTOPUS, a framework that
retrofits pretrained Transformers with budget-
controllable, fixed-memory inference without
pretraining from scratch.

¢ We demonstrate that Gated Selective Atten-
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Figure 2: Two-stage training of Gated Selective Atten-
tion (GSA). Stage 1: Attention Distillation (left). We
freeze the pretrained Transformer backbone and train
only the gating module G. GSA is optimized to match
the teacher’s softmax attention outputs via L.y, While
enforcing sparsity and decisiveness through the gate reg-
ularizer Lgatc. Stage 2: Language Modeling (right).
Softmax attention is fully replaced by GSA in all layers,
and the gates are fine-tuned for next-token prediction
using L1 under the same sparsity constraint.

tion (GSA) is superior to both heuristic prun-
ing and architectural linearization. In fixed-
budget settings, OCTOPUS matches or exceeds
the full-cache teacher on complex reasoning
tasks, suggesting that utility-based gating ef-
fectively converts the memory-fidelity trade-
off into a noise-reduction advantage.

2 Preliminaries

2.1 Causal Self-Attention and KV Caching

We consider a standard Transformer decoder layer
(Vaswani et al., 2017) operating on a sequence =1.7.
Let h; € R? denote the layer input at position ¢.
The model computes queries, keys, and values:

qt = Wth, ki = Wihy, v =Wyhy,

where W, Wi, Wy € R?*? are learnable projec-
tion matrices. In causal self-attention, the query ¢,
attends to all past keys and values (including itself)
to compute the output o;:

or — exp(q; ki /Vd)
' g S exp(q kj/Vad)

Vi

A token-as-summary view. Because o; aggre-
gates information over the entire prefix 1:¢, the
representation at position ¢ encodes the history x1.;
through repeated attention and MLP mixing across
layers. Thus, later-token representations can be
viewed as progressively updated summaries of the
prefix, suggesting that retaining every past KV pair
may be redundant for future prediction.



2.2 Memory-Bounded Inference

We formalize memory-bounded inference as main-
taining a bounded memory state S; under a fixed
budget B, independent of the sequence length:

St = f(Si—1, ke, ve), Size(S;) < B.

Existing approaches typically satisfy this constraint
via truncation or compression.

Sliding window attention. A simple policy keeps
only the most recent B tokens (First-In First-Out
eviction):

St = St—1 U{(k,ve)} \ {(kt—p,vt—B)}

This preserves exact KV states (high fidelity) but
imposes a hard locality bias: dependencies beyond
the window are irrevocably forgotten regardless of
semantic importance.

State compression (linear-time models). Sub-
quadratic architectures (e.g., linear attentions and
SSMs (Dao and Gu, 2024; Yang et al., 2024)) avoid
storing discrete tokens by compressing history into
a fixed-size recurrent state:

Sy =gt © Si_1 + d(ke) v

where S; has constant size and ¢(-) is a feature
map. Here g; is a data-dependent gate (either a
scalar g; € [0,1] or a vector g; € [0, 1]%) computed
from the current input, which controls how much
of the previous state is retained (i.e., the importance
of past information) versus forgotten. While this
formulation retains unbounded context in princi-
ple, the representation is inherently lossy: forcing
all historical detail into a single aggregate state
can degrade the precise, token-level retrieval often
required for complex reasoning.

Our perspective. These strategies expose a
fidelity-memory trade-off: sliding windows retain
exact KV states but discard long-range dependen-
cies, while linear-time models retain unbounded
history only through lossy state compression. OC-
TOPUS takes a different route. Inspired by the
data-dependent gating used in linear-time models,
we keep standard softmax self-attention but aug-
ment it with a lightweight gate that assigns a scalar
utility score to each KV state. We use these scores
to enforce a learned sparsity pattern, retaining only
high-utility KV pairs under a fixed cache budget
for future prediction, achieving memory-bounded
inference without collapsing history into a single
recurrent state.

3 Method: OCTOPUS

3.1 Overview

OCTOPUS retrofits a pretrained Transformer by
augmenting each standard causal softmax self-
attention layer with a lightweight gating module.
The resulting Gated Selective Attention (GSA)
preserves the base attention computation, but pre-
dicts a per-token utility score for KV states and
uses these scores to induce a learned sparsity pat-
tern over the KV cache. Throughout, we keep all
pretrained model parameters frozen and optimize
only the gating modules.

3.2 Gated Selective Attention

Consider a Transformer layer with H query heads
and Hy, key/value heads (grouped-query attention).
Let dj, be the head dimension and let h; € R? de-
note the layer input at position ¢. Standard projec-
tions produce:

0 = Whe KO =Wk, o = WO,

where a € {1,..., H} indexes query heads and
be{l,..., Hy,} indexes KV heads.

Utility gating. We augment each attention layer
¢ with a lightweight gating module G, imple-
mented as a small MLP that maps the current hid-
den state to a scalar utility per KV head:

St = G(ht) € RH’W) gt = U(st) € (Oa 1)Hkv7

where o (-) is the sigmoid function.

Gated Attention Logits. For query head a, let
m(a) € {1,...,Hy} denote its corresponding
KV head under grouped-query attention.! OcTO-
PUS reweights each KV state by a gating score
gi € [0, 1], which serves as a per-token utility score.
Concretely, the attention weight from position ¢ to
a cached token ¢ < ¢ is reweighted by the token util-
ity score gfw(“) ), so that low-utility tokens (g; ~ 0)
contribute negligibly regardless of their content
similarity, while high-utility tokens (g; ~ 1) are
retained and emphasized for future prediction:

ol o o exp (¥, K V).

Crucially, GSA is parallelizable and compatible
with modern hardware accelerators. While concep-
tually the gate acts as a multiplicative factor on

'Assuming query heads are evenly grouped, 7(a) =
—1
{H?Hka +1L



Sink

D Tokens

Selected
Tokens

Recent
Tokens

Wo gt
N Wk ki |
¢

Budget B=17

so | 81

s = (kt,vt, 1)

82 84 s7 | sg | s

Gated Selective 0
Attention t

TopB Selection

Figure 3: Inference with a budgeted KV cache. At decoding step ¢, we compute (g, k¢, v¢) and a gate score g,
from the current hidden state h;. Each token contributes a KV state s; = (ki, v4, g¢) to the cache. Under a fixed
budget B, we reserve slots for sink tokens and a recent window, and fill the remaining slots by selecting the Top-B
states ranked by utility g. Gated Selective Attention then attends over this fixed-size cache to produce the output o;.

the attention probabilities, implementing this as a
separate element-wise multiplication would require
materializing the full N x N attention matrix. To
address this, we express the gate reweighting via
the log-space trick, turning the multiplicative factor
5 into an additive logit bias log 3:

o) (1 K 7).

Now, OCTOPUS becomes natively compatible with
optimized kernels such as FlashAttention-2 (Dao,
2023). We provide the complete PyTorch imple-
mentation utilizing FlexAttention in Appendix A.

Attention output.
weights al(tai), the attention output is computed in

the standard way as a softmax-weighted sum over

values:
Oga) _ Z agf;) vz(ﬂ(a))'

1<t

Given the gated attention

The gating mechanism biases the logits so that low-
utility tokens receive negligible probability mass,
yielding an effectively sparse attention distribution
while preserving standard softmax attention.

3.3 Training Objective

We freeze the pretrained Transformer backbone
and optimize only the lightweight gating modules
in Gated Selective Attention (GSA). Our goal is to
learn utility scores that reweight attention toward
informative KV states and induce a global rank-
ing of token importance, enabling flexible cache
truncation at inference.

Sparsity regularization. To enforce memory-
bounded behavior, we encourage the gates to be
both sparse and decisive (utilities are close to 0 or
1 rather than ambiguous). We achieve this with a
sparsity-entropy penalty:

Lgate = Ey g9+ A H (9(@)} ;

where H(-) is the (Bernoulli) entropy:

H(g) = —glogg — (1 — g)log(1 — g).

The first term penalizes large average gate values,
pushing most utilities toward 0 and thus promot-
ing global sparsity. The entropy term discourages
uncertain gates, which encourages near-binary de-
cisions. Crucially, this sparsity objective serves to
decouple the training objective from the infer-
ence budget. By forcing the gates to be decisive
during training, the model learns a robust, intrinsic
ranking of token utility rather than overfitting to a
specific window size. This ensures that the cache
budget B becomes a flexible inference-time hyper-
parameter: the same trained model can scale down
to strict memory constraints or scale up to larger
budgets simply by adjusting the selection threshold,
without requiring retraining.

Two-stage training. We adopt a two-stage opti-
mization procedure to learn stable, utility-based
gate scores while keeping the pretrained Trans-
former backbone fixed. We train the gating mod-
ules using a two-stage procedure: attention distil-
lation followed by language modeling, as summa-
rized in Fig. 2 and formalized below.

Stage 1: Attention Distillation. We first train
the gates to match the pretrained teacher’s full soft-
max attention behavior, while regularizing the gates
with Lgat.. We compute both teacher attention and
gated attention (Eq. (3.2)) and optimize:

Estagel = )\attn Lattn + )\gate *Cgatea

40 P

softmax

4
where Lty = %25:1 HAéa)ted

.
Stage 2: Language Modeling. We then replace
softmax attention with gated selective attention in

all layers and fine-tune the gates for next-token



prediction, while retaining the same sparsity regu-
larizer:

Estage2 = ELM + )\gate ﬁgate-
3.4 Inference with Budgeted KV Cache

Figure 3 illustrates the inference-time mechanism.
At inference time, OCTOPUS performs autoregres-
sive decoding under a fixed KV cache budget B.
Importantly, the cache budget B is an inference-
time parameter. The same trained model can oper-
ate under different memory constraints by adjusting
B without retraining, enabling flexible trade-offs
between memory usage and performance. For each
layer ¢, we store keys, values, and their correspond-
ing gate scores produced at token creation time.

Gate-based Cache Pruning. After generating
token ¢, let Ct(z) = {SZ@ = (kzw, vy),gi@)) L
denote the KV cache at layer ¢, where each state
is associated with a learned utility score gl@. If

]th)] > B, we prune the cache by retaining the
top-B states ranked by utility:

¢ « TopB (Ct(g); {gz@}) . ez

In practice, we reserve a small subset of the bud-
get for (i) initial sink tokens and (ii) a sliding win-
dow of the most recent tokens, and apply the utility-
based selection to the remaining slots. This ensures
stable attention behavior while enforcing a strict
memory bound. By coupling gated attention with
gate-based cache pruning, OCTOPUS transforms
the unbounded KV cache of standard Transform-
ers into a compact, evolving state. As a result,
inference memory remains constant with respect to
sequence length while preserving access to high-
utility historical context.

4 Experiments

We design our evaluation to answer two primary
questions regarding efficiency and scalability:

1. Efficiency vs. Linearization (Q1): Can
OcToPUS deliver superior reasoning per-
formance compared to state-of-the-art sub-
quadratic architectures (e.g., Lizard, Mamba-
variants) when constrained to an identical
memory footprint?

2. Robustness vs. Eviction (Q2): Does our
learned utility policy scale to long-context
mathematical reasoning, where heuristic evic-
tion policies (e.g., H20, SnapKV) typically
fracture semantic dependencies?

4.1 Experimental Setup

Baselines. To address Q1 and Q2, we categorize
our baselines into two distinct groups:

* For Q1 (Architecture Comparison): We
compare against LOLCATs (Zhang et al.,
2025), Liger (Lan et al., 2025), and Lizard
(Van Nguyen et al., 2025). These methods
represent the state-of-the-art in linearizing pre-
trained Transformers into recurrent forms with
constant inference memory.

* For Q2 (Policy Comparison): We compare
against H20 (Zhang et al., 2023), SnapKV
(Li et al., 2024), and R-KV (Cai et al., 2025).
These are representative heuristic eviction
strategies (based on accumulated attention
or clustering) applied to the standard Trans-
former.

* Oracle: The Full-Cache Teacher serves as the
performance upper bound. Note that this base-
line is unbounded: for a sequence of length
L, it stores all L tokens. In our long-context
experiments, this results in cache sizes up to
32K tokens, whereas OCTOPUS is capped at
{1K, 2K, 4K}.

We adopt a two-stage evaluation regime:

* Standard Regime (Fixed Budget): To com-
pare with subquadratic models, we retrofit
LLaMA-3-8B and train on Alpaca-Cleaned
(Taori et al., 2023) 2 for 40M tokens. We eval-
uate on standard commonsense and reasoning
benchmarks.

* Long-Context Regime (Scalability): To
evaluate long-range robustness, we retrofit
Qwen3-1.7B and Qwen3-4B. We fine-
tune on the open-r1/Mixture-of-Thoughts
(Bercovich et al., 2025) 3 dataset with se-
quences up to 32k tokens.

For inferene, We reserve S=4 slots for initial sink
tokens and a sliding window of W=32 recent to-
kens to preserve local syntax. The remaining bud-
get B — (S + W) is allocated to the top-ranked
tokens by learned utility.

Zhttps://huggingface.co/datasets/yahma/alpaca-cleaned
3https://huggingface.co/datasets/open-r1/Mixture-of-
Thoughts
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Figure 4: AIME 2024 long-context math reasoning under budgeted KV caches. We evaluate Qwen3-1.7B and
Qwen3-4B with KV budgets {1K, 2K, 4K} (Pass@1). OCTOPUS consistently matches the full-cache teacher and
substantially outperforms eviction-based baselines under tight budgets, demonstrating robust budget scalability on

long-horizon reasoning.

4.2 Ql: Efficiency on Standard Benchmarks

We first evaluate performance under a strict, fixed
memory budget (B=128) on commonsense tasks
(HellaSwag (Zellers et al., 2019)) and reasoning
benchmarks (GSMS8K (Cobbe et al., 2021), MMLU
(Hendrycks et al., 2020)). This low-budget regime
rigorously tests the model’s ability to compress
context.

Comparison with Subquadratic Baselines. As
shown in Table 1, OCTOPUS achieves a decisive ad-
vantage where prior linearization methods struggle.
On GSMB8K, OCTOPUS outperforms the strongest
subquadratic baseline (Lizard) by over 36 percent-
age points (75.97% vs. 39.42%). This highlights a
critical architectural distinction: while linear mod-
els successfully approximate global statistics for
commonsense tasks, their compressed state fails to
retain the precise, token-level definitions required
for multi-step math. OCTOPUS’s selective cache
addresses this by preserving the exact high-utility
tokens needed for deduction.

Surpassing the Teacher via Noise Filtering.
Counter-intuitively, OCTOPUS outperforms its
own full-cache teacher on GSMS8K (75.97% vs.
71.56%). Standard attention attends to all previous
tokens, allowing irrelevant distractor tokens to di-
lute the probability mass. By enforcing a learned
sparsity policy, OCTOPUS effectively filters out this
noise. This confirms our hypothesis that for reason-
ing tasks, a curated, high-utility memory is often
superior to a complete but noisy history.

Model Training GSMS8K MMLU Hella.
Tokens

Teacher (Unbounded Cache)

LLaMA-3-8B - 71.56 66.60  79.10
Constant Memory / Fixed Budget (B=128)

LoLCATs 40M 33.05 52.80 79.70
Liger 20M - 4340  76.30
Lizard 40M 39.42 61.20  79.30
Octopus (Ours) 40M 75.97 65.74 81.70

Table 1: Strict Budget Comparison (B=128). OCTO-
PUS yields a step-change improvement over linearized
baselines (+36.5 points over Lizard on GSM8K) using
a comparable computational budget. Notably, while
baselines like Lizard recover teacher performance on
HellaSwag, OCTOPUS surpasses the teacher across all
metrics.

4.3 Q2: Long-Context Math Reasoning

We next evaluate whether the learned utility policy
scales to long-context regimes where the signal-to-
noise ratio is significantly lower. We report Pass@ 1
accuracy on AIME 2024 (Art of Problem Solv-
ing), comparing OCTOPUS against heuristic evic-
tion policies (SnapKV, H20, R-KV) across varying
KV budgets ({1K, 2K, 4K}).

Figure 4 illustrates that eviction-based methods
degrade sharply under aggressive budgets. This
failure stems from their reliance on rigid heuris-
tics rather than true utility. H20 (Zhang et al.,
2023) prioritizes tokens with high accumulated at-
tention scores, effectively assuming that past popu-
larity predicts future relevance. This often discards
"sleeping” dependencies—tokens that are histori-
cally quiet but become critical for a specific future
deduction. Similarly, SnapKYV (Li et al., 2024) re-
lies on attention patterns observed within a limited



Configuration ‘ Acc (%) A ‘ Key Observation

Full Method (Ours) ‘ 74.8 - ‘ Stable convergence, best performance
w/o Stage 1 (Joint Train) 64.0 -10.8 | High instability; optimization difficulty
w/o Sink Tokens 73.1 -1.7 | Minor degradation in deep layers

w/o Recent Window 68.0 -6.8 | Loss of local syntactic coherence

Table 2: Component-wise Ablation Study. We evaluate the impact of the training strategy and fixed retention
anchors. “No Stage 1” refers to training the gates jointly with the LM from scratch.

window to cluster and compress the cache. This
approach struggles in reasoning tasks where depen-
dency structures are highly dynamic and cannot
be inferred solely from a static observation win-
dow. In contrast, OCTOPUS remains robust across
all budgets. Consistent with our findings in Sec-
tion 4.2, we observe that OCTOPUS can exceed the
teacher’s performance at moderate budgets (e.g.,
2K on Qwen3-4B). This reinforces the "regulariza-
tion via sparsity" effect: moderate budgets force the
model to prioritize high-utility states, effectively
suppressing the noise inherent in long contexts that
would otherwise distract the full-attention mecha-
nism.

5 Ablation and Analysis

To validate the effectiveness of our proposed frame-
work, we conduct a comprehensive ablation study
evaluating the training strategy, the importance of
retention anchors, and the granularity of the gating
mechanism. We also analyze the controllability of
the model under varying KV cache budgets. Un-
less otherwise stated, all experiments are conducted
on the validation set using a standard budget of
K =128.

We first assess the contribution of our two-stage
training pipeline and the fixed retention anchors
(Sink Tokens and Recent Window). The results are
summarized in Table 2.

Impact of Two-Stage Training. A key finding
is the necessity of our decoupled training strategy.
Removing Stage 1 and attempting to train the gat-
ing mechanism jointly with the LM (or directly on
a frozen LM without warm-up) results in a sharp
performance drop to 64.0%. We observed signif-
icant instability during these runs. Without the
initial warm-up, the gate network struggles to iden-
tify salient features, often collapsing into a trivial
solution where the cache is populated with noise.
This confirms that Stage 1 is crucial for initializing
a robust policy before fine-tuning.

Importance of Anchors. Removing the sink to-
kens results in a moderate drop to 73.1%, suggest-
ing that while our dynamic gate can learn to retain
high-norm tokens to some extent, explicit sinks en-
sure stability in attention computations. However,
removing the recent window tokens is far more
detrimental (68.0%): without a guaranteed local
window, the model can no longer reliably preserve
short-range context, leading to disrupted local co-
herence and degraded syntactic consistency.

Sensitivity to Anchor Hyperparameters Our
method incorporates two fixed attention anchors: a
set of initial “sink tokens” (S to stabilize the soft-
max distribution, and a local sliding window (W)
to capture immediate syntactic dependencies. To
verify that our performance stems from the learned
gating policy rather than these heuristics, we eval-
uate the model’s sensitivity to variations in .S and
W under a fixed total cache budget of K = 128.

Sinks (S) Window (1) ‘ Avg. Acc (%)

0 32 73.1
1 32 74.5
4 32 74.8
8 32 74.8
4 0 67.1
4 16 73.5
4 64 74.1

Table 3: Sensitivity to Anchor Sizes. We vary the
number of sink tokens (S) and the recent window size
(W) with a fixed total budget of K = 128.

Minimal Sink Tokens Required. As shown in
Table 3, removing sink tokens (S = 0) leads to a
performance drop to 73.1%, consistent with obser-
vations in Streamingl.LLM regarding attention sink
phenomena. However, increasing .S from 1 to 4
yields marginal gains, and further increasing to 8
yields no improvement. This confirms that sink to-
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Figure 5: Visualization of Learned Gating Behavior.

kens serve purely as a numerical stabilizer, and the
model does not rely on them for semantic content.

The "Crowding Out" Effect of Windows. The
local window (1¥) plays a more dynamic role. Re-
moving it (W = 0) causes a sharp decline to 68.0%,
proving that the learned gate cannot easily repli-
cate the dense, high-frequency attention required
for immediate bigram statistics. Crucially, how-
ever, simply making the window larger is not better.
Increasing W to 64 reduces accuracy to 74.1%. Be-
cause the total budget is fixed at K = 128, a larger
forced window leaves fewer slots for the learned
gating mechanism to retain important long-range
information. This trade-off validates our core con-
tribution: the learned gate is more value-dense than
a naive sliding window, and performance is max-
imized when the gate is given the majority of the
budget.

Visualization of Gating Behavior. To under-
stand how our model achieves high efficiency, we
visualize the learned gating scores in Figure 5.
Using the sample sentence "The first person who
walked on the moon was Neil Armstrong,” we ob-
serve that the gating mechanism successfully learns
a semantic retention policy without explicit super-
vision. The gate assigns near-maximum scores
(yellow) to information-rich entities like "Neil”,
"Armstrong", and "Moon", ensuring they are pre-
served in the limited cache. Conversely, functional
stop words such as "The", "who", and "was" are
aggressively suppressed (dark blue). This confirms
that the model does not rely on simple heuristics
(like position) but actively evaluates the semantic
utility of each token before admission.

6 Related Work

Subquadratic Architectures and Linearization.
A primary avenue for mitigating the computational
bottlenecks of Transformers is the development
of subquadratic architectures. State Space Mod-
els (SSMs) like Mamba (Gu and Dao, 2023; Dao

and Gu, 2024) and linear attention variants reduce
the quadratic complexity of self-attention to lin-
ear time by compressing context into a fixed-size
recurrent state. Recent linearization frameworks,
such as Lizard (Van Nguyen et al., 2025), attempt
to bridge the gap by distilling pretrained Trans-
formers into these subquadratic forms, introducing
learnable recurrent gates to manage memory dy-
namics. However, while these architectures offer
constant-memory inference, they often require ex-
pensive retraining or suffer from limited associative
recall compared to full-attention mechanisms, par-
ticularly on tasks requiring precise retrieval from
long contexts.

Heuristic KV Cache Eviction. To address the
memory growth in standard Transformers with-
out fundamental architectural changes, various KV
cache compression strategies have been proposed.
Heuristic methods such as H20 (Zhang et al., 2023)
and SnapKV (Li et al., 2024) impose a fixed mem-
ory budget by evicting tokens based on attention
scores, operating on the assumption that past atten-
tion predicts future utility.

7 Conclusion

We introduce a memory-bounded inference frame-
work that replaces indiscriminate KV caching with
a learnable, head-specific admission policy. Unlike
static heuristics, our lightweight gating mechanism
dynamically evaluates token utility, allowing mod-
els to retain semantic "heavy hitters" while filter-
ing noise. Experiments on GSM8K and MMLU
demonstrate that our approach matches or sur-
passes full-cache performance with a budget of
just 128 tokens. Our analysis confirms that this ef-
ficiency arises from the learned gate’s ability to pri-
oritize long-term information while minimal fixed
anchors preserve local stability. This work provides
a principled, scalable solution for deploying long-
context LLMs on memory-constrained hardware.



8 Limitations

While OcTOPUS effectively reduces memory frag-
mentation and enhances reasoning through noise
filtering, several limitations remain. First, un-
like training-free heuristic methods (e.g., H20,
SnapKV), our approach requires a distinct fine-
tuning phase to adapt the gating mechanism, in-
curring additional computational overhead before
deployment. Second, as a distillation-based frame-
work, our performance is inherently upper-bounded
by the quality of the teacher model; OCTOPUS
cannot synthesize reasoning capabilities absent in
the teacher, but rather optimizes the retention of
those existing capabilities under constraints. Fi-
nally, the eviction policy is destructive; once a
token is dropped, it cannot be recovered. While
our two-stage training minimizes gating errors, ex-
treme compression rates may still risk discarding
information that becomes relevant only much later
in the sequence.
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A Implementation Details

We provide the PyTorch implementation of the
OcCTOPUS attention mechanism below. By utiliz-
ing the flex_attention API, we can inject the
learned gating scores as a fused modification to
the attention scores before the softmax operation.
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This avoids the need for custom CUDA kernels
while retaining the memory and speed benefits of
FlashAttention.

A.1 Training Protocol

Our training process consists of two distinct epochs
(phases):

Phase 1: Attention Distillation (Warm-up). In
the first epoch, we treat the frozen full-attention
model as a teacher. The goal is to initialize the
gates such that the sparse selection mimics the
dense attention distribution. We minimize the
Mean Squared Error (MSE) between the OCTO-
PUS gated attention scores and the standard Soft-
max attention scores. During this phase, the causal
language modeling head is ignored.

Phase 2: Gated Generative Fine-tuning. In
the second epoch, we switch to the standard Next
Token Prediction objective. The model uses its
learned gates to perform inference, and gradients
are backpropagated from the cross-entropy loss
through the gates. This adapts the gating policy to
prioritize tokens that are semantically necessary for
generation, rather than just mimicking the teacher’s
attention pattern:

ey

LphaseZ = ['CE + )\sparsity : »Cgate

A.2 Experimental Configurations

We evaluate our method on two distinct scales. The
specific hyperparameters for each setup are detailed
below:

Standard Context (Alpaca). For standard in-
struction following benchmarks, we train on the
unsloth/alpaca-cleaned dataset.

e Base Model: Meta-Llama-3-8B-Instruct
* Sequence Length: 2048 tokens

e Hardware:
GPUs

8 x NVIDIA H100 (80GB)

e Micro Batch Size: 2 (Global Batch Size 16)

e Optimization: AdamW (5; = 0.9,5; =
0.95), LR=1e~*

Long Context (R1 Mixture of Thoughts). To
evaluate long-range dependency retention, we train
on the open-ri1/Mixture-of-Thoughts dataset.

* Base Model: Qwen3-1.7B/Qwen3-4B


https://openreview.net/forum?id=ia5XvxFUJT
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https://aclanthology.org/P19-1472
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¢ Sequence Length: 32,768 tokens (32K)

e Hardware: 8 x NVIDIA H100 (80GB)
GPUs with activation checkpointing enabled

¢ Gradient Clipping: 1.0

B Additional Evaluation on LongBench

Dataset | Full KV | OCTOPUS (25%)
Single-Doc QA

NarrativeQA 32.37 30.50
Qasper 24.12 22.80
MultiFieldQA-en 27.55 28.15
MultiFieldQA-zh 21.0 22.40
Multi-Doc QA

HotpotQA 16.46 19.90
2WikiMQA 15.88 16.85
Musique 11.64 13.15
DuReader (zh) 30.44 31.60
Summarization

GovReport 35.90 33.40
QMSum 23.86 24.15
MultiNews 24.89 26.75
VCSUM (zh) 15.40 16.10
Few-Shot Learning

TREC 70.60 73.50
TriviaQA 92.86 90.25
SAMSum 42.54 43.85
LSHT (zh) 44.45 46.50
Synthetic / Code

PassageRetrieval-en | 95.82 99.10
PassageRetrieval-zh | 78.44 76.20
Passage Count 6.26 2.50
LCC 51.22 53.80
RepoBench-P 44.46 54.10

Table 4: LongBench Evaluation (Octopus vs. Full
Cache). We compare OCTOPUS (operating at 25% KV
cache budget) against the Full KV baseline. Despite
using significantly less memory, OCTOPUS matches or
exceeds the teacher’s performance on the majority of
tasks.

To demonstrate the robustness of OCTOPUS
across diverse long-context tasks, we conduct an
evaluation on the LongBench benchmark (Bai et al.,
2024). In Table 4, we compare our method using
a fixed 25% KV cache budget against the standard
Full KV baseline (100% memory usage). OCTO-
PUS achieves a comparable performance with the
Full KV baseline. This result reinforces our hy-
pothesis that the learned gating mechanism acts as
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Table 5: Effect of Gating Granularity. Comparison
of sharing gating logic across the model vs. specific
heads. The drastic drop in Scalar and Per-Layer per-
formance highlights that attention patterns are highly
head-specific.

Granularity ‘ Parameters | Accuracy
Scalar (Per-Token) 1x 11.0
Per-Layer Lx 23.0
Per-Head (Ours) L x Hx 74.8

an effective noise filter, discarding irrelevant con-
text that can distract the attention mechanism in
full-cache settings, particularly in multi-document
QA and retrieval tasks.

C Further Analysis

While Figure 5 demonstrates the general selection
capability, we further analyze the distinct special-
ization of different attention heads. We hypothe-
size that different attention heads require distinct
caching strategies. To test this, we vary the granu-
larity of the gating scalar: (1) Scalar (Per-Token):
A single score shared across all layers and heads.
(2) Per-Layer: A score shared across all heads
within a layer. (3) Per-Head (Ours): Unique
scores for every head. As shown in Table 5, the
results are stark. The scalar approach fails com-
pletely, performing near random chance. The Per-
Layer approach performs poorly at 23%. This con-
firms that token importance is not a global property,
a token critical for one head may be irrelevant to
another. Coarse-grained gating (Scalar/Per-Layer)
forces these diverse mechanisms to share a single
policy, leading to the observed collapse in perfor-
mance.



Listing 1: PyTorch implementation of Octopus Gated Attention using Flex Attention.

i | from typing import Optional

> | import torch

3 | import torch.nn as nn

4 |# We disable compile debug for cleaner multi-GPU inference in this example

5 | torch.nn.attention.flex_attention. _FLEX_ATTENTION_DISABLE_COMPILE_DEBUG = True
6 | from torch.nn.attention.flex_attention import flex_attention, create_block_mask

s | def flex_octopus_attention(

9 query_states: torch.Tensor,
10 key_states: torch.Tensor,

11 value_states: torch.Tensor,

12 log_gated_states: torch.Tensor,
13 scaling: float,
14 g_start_pos: int = 0,

15 |) -> torch.Tensor:

nnn

17 Hardware-efficient Octopus Attention via FlexAttention.

18 Args:

19 query_states: [batch, num_heads, gq_len, head_dim]

20 key_states: [batch, num_kv_heads, kv_len, head_dim]

21 value_states: [batch, num_kv_heads, kv_len, head_dim]

22 log_gated_states: Log-sigmoid gate scores [batch, num_kv_heads, kv_len]
23 scaling: Attention scaling factor

24 nn

25 g_len = query_states.shape[2]

26 kv_len = key_states.shapel[2]

27

28 # This injects log(beta) into the attention logits efficiently.
29 # Mathematically: exp(score + log_beta) = exp(score) * beta

30 def octopus_score_mod(score, b, h, q_idx, kv_idx):

31 num_heads = query_states.shape[1]

32 num_kv_heads = key_states.shapel[1]

33 group_size = num_heads // num_kv_heads

34

35 # Map query head 'h' to the correct KV head (handling GQA)

36 kv_head = h // group_size

38 # Retrieve the gate value for the target token (kv_idx)
39 log_gate = log_gated_states[b, kv_head, kv_idx]

41 # Additive bias in log-space equivalent to multiplicative gating
42 return score + log_gate

43

44 # -- Causal Masking --

45 # Ensures queries only attend to current and past keys.

46 # q_start_pos handles shifting during autoregressive decoding steps.
47 block_mask = create_block_mask(

48 lambda b, h, g, k: (g_start_pos + q) >= Kk,

49 B=None, H=None, Q_LEN=q_len, KV_LEN=kv_len,

50 device=query_states.device,

51 )

52

53 # -- Execution --

54 # Compute attention with fused gating and causal masking in one kernel.
55 attention_output = flex_attention(

56 query_states, key_states, value_states,

57 score_mod=octopus_score_mod,

58 block_mask=block_mask,

59 scale=scaling,

60 enable_gga=True,

61 )
63 return attention_output.transpose(l, 2).contiguous()
65 |# Optional: Compilation for further speedup

66 | compiled_flex_octopus_attention = torch.compile(flex_octopus_attention, dynamic=
False)
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