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ABSTRACT

Large language models (LLMs) with extended context windows enable powerful
applications but impose significant memory overhead, as caching all key—value
(KV) states grows linearly with sequence length and batch size. Existing cache
eviction methods address this by exploiting attention sparsity, yet they typically
rank tokens heuristically using accumulated attention weights without consider-
ing their true impact on attention outputs. We propose Optimal Brain Cache (OB-
Cache), a principled framework that formulates cache eviction as a layer-wise
structured pruning problem. Building on Optimal Brain Damage (OBD) theory,
OBCache quantifies token saliency by measuring the perturbation on attention
outputs induced by pruning tokens, with closed-form scores derived for isolated
keys, isolated values, and joint key—value pairs. Our scores account not only for
attention weights but also for information from value states and attention outputs,
thereby enhancing existing eviction strategies with output-aware signals. Experi-
ments on LLaMA and Qwen models show that replacing the heuristic scores in ex-
isting works, which estimate token saliency across different query positions, with
OBCache’s output-aware scores consistently improves long-context accuracy.

1 INTRODUCTION

Large language models (LLMs) (Touvron et al.| [2023azbj Bai et al.l 2023a; |OpenAlL [2023) have
recently revolutionized a wide range of natural language processing tasks, including document
summarization (Zhang et al. |2024a), question answering (Kamalloo et al., 2023), code genera-
tion (Roziere et al) |[2023), and dialogue systems (Taori et al., 2023 |(Chiang et al.l [2023). Despite
their impressive capabilities, many of these applications require processing long sequences, which
poses substantial challenges for efficient deployment. A major bottleneck in LLM inference stems
from their autoregressive nature, which necessitates caching all key-value (KV) states across the
context window. Because the cache size scales linearly with both sequence length and batch size, it
leads to substantial memory and latency overheads. For instance, running a LLaMA-3.1-8B model
(Grattafiori et al.| 2024)) with a 1M-token context window requires storing over 120GB of KV cache,
which exceeds the memory capacity of most GPUs.

A promising line of research addresses this challenge via KV cache eviction, a training-free tech-
nique that reduces inference costs by selectively discarding unimportant KV tokens (Zhang et al.,
2023} | Xiao et al.l [2024)). These methods are motivated by the observation that only a small subset
of tokens significantly influences model predictions. By evicting redundant tokens during inference,
such approaches can substantially reduce memory and computational costs while incurring moder-
ate performance degradation. Early methods such as HoO (Zhang et al.,|2023) evict tokens based on
accumulated attention weights, a simple yet effective heuristic for estimating token saliency. More
recent techniques, including TOVA (Oren et al., [2024) and SnapKV (Li et al) [2024), refine this
strategy by introducing more sophisticated attention-based scoring mechanisms to better preserve
accuracy. However, these methods rely primarily on attention weights and often overlook the contri-
bution of value states in shaping the final model outputs. Heuristically accumulating attention scores
fails to fully capture the true impact of token removal on attention outputs, which directly affects
the hidden states and downstream predictions. Consequently, these methods may mistakenly retain
tokens with negligible influence or discard ones whose importance is not evident from attention
weights alone.
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To tackle these limitations, we propose Optimal Brain Cache (OBCACHE), a principled framework
that formulates KV cache eviction as a layer-wise structured pruning problem. The key insight be-
hind OBCACHE is that the actual impact of removing KV pairs, i.e., their influence on future model
outputs, can be effectively approximated by analyzing local perturbations in historical attention out-
puts when the corresponding KV vectors are pruned. This approximation enables us to estimate the
contribution of each token to the model output without requiring access to future states at inference
time. Our analysis is grounded in the Optimal Brain Damage (OBD) theory (LeCun et al. |1989),
originally proposed for pruning model weights. By treating cached keys and values as pruning vari-
ables, we define three types of pruning units: isolated value vectors, isolated key vectors, and joint
key-value pairs at the same token position. In each case, we derive closed-form expressions for the
pruning-induced output perturbation through second-order Taylor approximation. These perturba-
tion estimates serve as token-wise saliency scores to inform cache eviction and retention decisions.

In contrast to prior approaches, OBCACHE scores incorporate not only attention weights but also
value states, pre-softmax attention logits, and attention outputs. This results in output-aware saliency
measures that provide richer and more accurate signals for cache eviction. Furthermore, we show
that existing attention-based scoring methods emerge as special cases under our framework. Specif-
ically, the pruning objective is simplified to preserving the attention matrix, and the pruning units
are reduced to individual attention columns. As such, OBCACHE generalizes and complements ex-
isting cache eviction methods, and can be seamlessly integrated into any score-based cache eviction
pipeline to improve token selection.

We empirically demonstrate the effectiveness of OBCACHE through extensive experiments on long-
context benchmarks. Specifically, we incorporate the three OBCACHE saliency scores into exist-
ing cache eviction frameworks, including H20, TOVA, and SnapKV. Across both LLaMA-3.1 and
Qwen-2.5 models, we observe consistent performance improvements on a variety of long-context
tasks, including Needle-in-a-Haystack passkey retrieval, long-sequence perplexity evaluation, and
16 benchmarks from LongBench (Bai et al., [2023b). Our results demonstrate that integrating OB-
CACHE scores can produce more accurate estimations of token saliency, significantly enhancing
long-context inference performance while maintaining low computational overhead.

In summary, our key contributions are as follows:

* We introduce OBCACHE, a principled scoring framework for KV cache eviction that di-
rectly targets eviction-induced perturbations in attention outputs. The framework provides
output-aware saliency measures that can be seamlessly integrated into existing cache evic-
tion pipelines to improve token selection and saliency estimation.

* We provide the first theoretical formulation of KV cache eviction as a structured pruning
problem, based on the Optimal Brain Damage (OBD) framework. Using second-order Tay-
lor approximations, we derive closed-form perturbation estimates for isolated keys, isolated
values, and joint key—value pairs. This theoretical analysis also clarifies the limitations of
prior attention-weight heuristics and shows that they can be viewed as special cases of our
more general formulation.

* We conduct extensive empirical studies demonstrating that replacing the heuristic scores in
existing methods (HoO, TOVA, SnapKV), which estimate token saliency across different
query positions, with OBCACHE’s output-aware scores consistently improves performance
on both LLaMA and Qwen models across diverse long-context benchmarks, including re-
trieval, perplexity evaluation, and LongBench tasks.

2 RELATED WORKS

KV Cache Compression. In long-context scenarios, reducing the size of the key—value (KV)
cache is critical for optimizing the deployment of large language models (LLMs). To this end,
cache eviction methods are motivated by the observation that only a sparse subset of tokens can
significantly contribute to model predictions. For example, StreamingL.LM (Xiao et al.,|2024) iden-
tifies the attention sink phenomenon and retains both the initial and most recent tokens to enable
infinite-context decoding. HoO (Zhang et al.,|2023)) proposes accumulating attention weights across
all query positions to dynamically identify salient tokens. TOVA (Oren et al.l 2024) simplifies this
by considering only the attention distribution of the most recent query. A more refined strategy,
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SnapKV (Li et all [2024), aggregates attention scores within a small observation window and ap-
plies a pooling-based clustering mechanism, which improves performance in retrieval-centric tasks.
Orthogonal to eviction-based methods, Quest (Tang et al.| [2024)) retains the full KV cache and re-
stricts attention computation to the most relevant tokens. CaM (Zhang et al.,[2024b)) and D,O (Wan
et al., 2025) aim to mitigate the information loss caused by irreversible eviction and merge evicted
KV states into the retained cache. However, none of these approaches explicitly models the contri-
bution of value states in estimating token importance, nor do they quantify the direct impact of KV
removal on model outputs. In contrast, our method evaluates token saliency through output-aware
perturbation analysis, providing a more principled and generalizable framework for cache eviction.

Model Pruning. Another direction for reducing LLM inference costs focuses on pruning model
parameters. Classical pruning frameworks (LeCun et al.,|1989; Hassibi & Storkl |1992) quantify the
saliency of each pruning unit by estimating the perturbation it induces in a task-specific loss, often
approximated to second order using a Taylor series. However, computing second-order statistics
globally is still inefficient in LLM-scale models (Ma et al., [2023). To reduce complexity, recent
approaches adopt local formulations that operate at the level of individual layers (Frantar & Alistarh,
2023} |Sun et al., 2024)), where the objective becomes minimizing the change in layer output. By
varying the pruning units, such methods can structurally remove redundant components such as
attention layers, heads, or hidden channels. In this work, we extend the layer-wise pruning paradigm
to handle the eviction of the dynamic KV cache. By treating KV states as pruning units, we introduce
a theoretically grounded framework to more accurately quantify token saliency.

3 OBCACHE

In this section, we present the details of OBCACHE. We begin by reviewing the workflow of
key—value (KV) caching and formalizing the notation in Section 3.1} In Section 3.2] we formu-
late cache eviction as a layer-wise structured pruning problem, with the objective of minimizing
perturbations in attention outputs. Section details our analytical solution to this perturbation
minimization problem based on second-order Taylor approximations. In Section[3.4] we show that
our framework recovers existing attention-based scoring methods as special cases. We then provide
a qualitative example to highlight the effectiveness of our formulation in Section An overview
of the OBCACHE scoring mechanism is shown in Figure[I]

3.1 PRELIMINARIES ON LLM INFERENCE

We review the KV caching mechanism in transformer-based LLM inference, focusing on the prefill,
decoding, and cache eviction phases. Bold capital letters denote matrices, and bold lowercase letters
with subscripts denote row vectors. For clarity, we omit the batch, head, and layer indices.

Prefill Phase. Let X € R'*? denote the prompt embeddings, and let Q, K,V € R!*? be the
corresponding projected query, key, and value matrices, where [ is the prompt length and d is the
hidden size. The attention output O € R**? is computed as

O=AV, A =softmax(Z), Z= Q—f/‘; e RIX,

where Z denotes the pre-softmax attention logits and A € R!*/ is the attention weight matrix. Dur-
ing this phase, the key and value matrices K and V are cached to avoid recomputation in subsequent
decoding steps.

Decoding Phase. At decoding step t, let 2, € R? be the newly generated token embedding, and let
as, k¢, vi € RY be its projected query, key, and value vectors. After appending k;, v; to the cache,
the key and value matrices extend to shape s x d, where s = [ + t. The step-¢ attention output is

-
os =a,V, a,=softmax(z;), zs= qt;{g € R®.

For the remainder of this paper, we use Q, K, V., A, O to denote the full matrices corresponding to
sequence length s, which reduces to prompt length [ during the prefill phase when ¢t = 0.

Cache Eviction. Eviction is triggered when the sequence length s of the KV cache exceeds a
predefined budget N. After each forward pass, an eviction algorithm selects s — N rows from K
and V for permanent deletion. By enforcing a fixed cache budget, the model can decode arbitrarily
long sequences while maintaining a bounded memory footprint.
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Figure 1: Overview of the OBCACHE scoring mechanism. The diagram shows the eviction process
using value-pruning (left) and key-pruning scores (right). Unlike prior methods based solely on
attention statistics (gray region), OBCACHE further incorporates value states, attention logits, and
outputs to estimate token saliency, explicitly targeting the minimization of eviction-induced errors.

3.2 CACHE EVICTION VIA PERTURBATION MINIMIZATION

Cache eviction can be viewed as a form of layer-wise structured pruning, where the saliency of each
pruning unit (i.e., a key or a value vector) is quantified by the error it induces in the layer output.
However, cache eviction introduces a unique challenge not encountered in classical model pruning:
due to the autoregressive nature of generation, the actual error caused by removing a key—value pair
at step s affects only future attention outputs, 0541, 0542, ..., Which are inaccessible at eviction
time. We refer to this unobservable quantity as the true eviction error.

Although the true eviction error is not directly available, we observe that it can be effectively approx-
imated by measuring perturbations in recent historical attention outputs, specifically o,,05_1, ...,
when the corresponding KV vectors are pruned. We refer to this measurable surrogate as the
pruning-induced eviction error, and use it as a proxy objective to estimate token saliency. Building
on this insight, we formulate cache eviction as a layer-wise structured pruning problem by treating
V and K as pruning variables.

Definition 3.1 (Token Saliency via Pruning-Induced Error). Let V=V+iVandK = K + 6K
denote the perturbed value and key matrices after pruning, with resulting perturbed attention weights

A and outputs O. The saliency score of a token position p is defined as the change in recent historical
attention outputs O when v, and k,, are pruned:

S, = CeT[{, f(]:O(V7 K) = f(softmax(QK v Nz

P Vd

KT
TV Ri=o — Softmax(Q )V), (1)

where e,, is a unit vector selecting the p-th row of V and K, and f() is a norm function.

Following prior works on layer-wise model pruning of LLMs (Frantar & Alistarh, [2023; |Sun et al.,
2024), we adopt the squared Frobenius norm || - |% for its smoothness. To highlight the effectiveness
of this pruning-induced error as a proxy objective, we present an empirical example in Section [3.4]
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3.3 CACHE PRUNING SCORES

Directly recomputing Equation [I] for every position p requires repeated attention operations and is
computationally infeasible. Inspired by Optimal Brain Damage (OBD) (LeCun et al.l |[1989), we
approximate it via a second-order Taylor expansion around the unperturbed point (V, K).

Theorem 3.2. Let H,,, Hy;, H,; be the Hessians of L with respect to {7 K and their cross-term.
The pruning-induced eviction error L expanded around (V,K) to the second order is given by:

~ = 1 1
L(V,K) = 5(SVTHW(SV + féKTHkk(SK + 6V TH 6K + O(||(5V, 5K)|1%). (2)

When v,, and k,, are pruned, i.e., e, [V K] = 0, the above pruning-induced eviction error further
simplifies, yielding the saliency score for token position p approximated till second order:

second 1 1
Sp "= §V; [H.,.], vy + 51{; [Hi] % + v, [Hu Ky, 3)

In Equation the first-order terms vanish at the expansion point since O — O =0. The simplifica-
tion to Equation @uses the fact that the off-diagonal blocks of H,,, Hy, H,; do not contribute to L.
This mirrors the diagonal assumption adopted in OBD. Full proof can be seen in Appendix B}

By explicitly evaluating the Hessian sub-blocks [H,,] , . [Hyl,,,. and [Hyx],,,, we next derive closed-
form eviction scores that are both interpretable and efficient to compute. Currently, Equation [3]
captures the joint impact of perturbing both V and K. We also consider simplified variants where
either V or K is perturbed independently while the other remains fixed. As a result, OBCACHE
features three output-aware saliency scores, as demonstrated in Equations AHg] below.

Proposition 3.3 (Value-Pruning Score). When only V is the pruning unit, i.e., eTV 0, the
pruning-induced eviction error reduces to the first term in Equation 3| which is given by

value 1
Sp] - §VIT [H""]ppvp = Z |Ai,p|2 : ||VP||2' @)

This score corresponds to the squared Ly-norm of the p-th column of the attention weight matrix,
scaled by the squared Ly-norm of the value vector v,,. Its full proof including the derivation of the
Hessian sub-block [H,,| ,,, can be seen in Appendix

Proposition 3.4 (Key-Pruning Score). When only K is the pruning unit, i.e., eTK 0, the pruning-
induced eviction error reduces to the second term in Equation 3} which is glven by:

1
S,‘;ey: 55KTHkk5K = Z |Aip-Zipl? - |lvy, — 042 (5)

This score captures the deviation between the value vector and attention output, weighted by both
the attention weights and the pre-softmax logits. Key pruning generally incurs larger errors than
value pruning, as it alters the entire attention distribution. Its proof can be seen in Appendix [B.3]

Proposition 3.5 (Joint-Pruning Score). When V and K are treated as a combined pruning unit, the
pruning-induced eviction error, as given by Equation 3 has the form:

S_]oml 9 Z |A7, p‘Q . (vaHQ Vp Oz) Swlue S;c)ey. (6)

This score captures both the individual and interactive effects of pruning the key and value states,
providing the most comprehensive estimate of the pruning-induced eviction error. The derivation of
the cross-term can be seen in Appendix [B.4]

We note that OBCACHE scores can be applied for both prefill and decoding. In the prefill phase,
the saliency score S, can be used to greedily evict multiple tokens to achieve a desired sparsity in a
one-shot manner. During decoding, by accumulating S, over time, OBCACHE can support real-time
updates to token-wise saliency, enabling dynamic KV cache eviction as generation progresses. For
models using grouped-query attentions, we include an additional score derivation in Appendix [B-3}
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Figure 2: Recall rate of the top-40 salient tokens identified by the oracle eviction error. Results are
collected from a 4K-context passkey retrieval task using LLaMA-3.2-3B-Instruct. The left plot (a)
shows recall of top-40 tokens selected by different scoring methods. The right plot (b) demonstrates
how allocating a fixed recent window improves oracle recall when perturbation windows are large,
mitigating the structural bias disproportionately favoring earlier tokens.

3.4 CONNECTION TO EXISTING METHODS

Our framework naturally recovers existing attention-based eviction strategies as special cases. To
show this, we introduce an additional index w € [1, s] and use A, .5 to denote the rows of the atten-
tion matrix A corresponding to the query positions from w to s. Consider an alternative formulation
that minimizes perturbations not in the attention outputs O, but in the historical attention rows A ..
In this case, the pruning-induced error reduces to:

S;lln based = LAZVPZO(A) _ Aw:s

- Aw:s (7)

A, ,=0

1,1

)

where the pruning unit also simplifies to an attention matrix column. We refer to query positions
from w to s as the perturbation window. Equation[7)can be directly simplified to the form:

S;tm—based _ Z ‘Ai,p|7 (8)

which corresponds to an L;-norm variant of our value-pruning score Slv,al"e, but without incorpo-
rating any value-state information. This formulation connects directly to several recent methods.
Specifically, HoO (Zhang et al [2023) sets w = 1, accumulating attention weights over the entire
sequence history. TOVA (Oren et al., [2024) sets w = s, targeting only the most recent query posi-
tion. SnapKV (Li et al.| 2024) adopts a short window (i.e., w > 1), emphasizing recent attentions.
By varying the choice of w, these methods effectively target different perturbation windows.

In OBCACHE, when we also relax the objective to the output error within the perturbation window:
2

) ©))

F

— softmax(M)V

ws KT \X7
Sp = BV Vi

softmax(

e] [V K]=0

the resulting scores also become localized to the same set of query positions w through s. Therefore,
OBCACHE generalizes these prior approaches by further introducing output-aware signals, enabling
more informed eviction decisions that go beyond raw attention statistics.

3.5 EFFECTIVENESS OF PRUNING-INDUCED EVICTION ERROR

To further support our pruning-based formulation for cache eviction, we present a qualitative anal-
ysis on a passkey retrieval task, as shown in Figure 2] We begin by establishing an oracle baseline
based on the true eviction error, which is measured as the perturbation in the first decoding-step
output 0;4; caused by evicting each cached token during the prefill phase. The top-k tokens with
the largest oracle errors are treated as ground-truth important positions.

To evaluate the effectiveness of the pruning-induced eviction error as a proxy, we compute Equa-
tion [T] exactly for each candidate position in the prefill phase and select the top-k accordingly. As
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Figure 3: Overall long-context performance evaluation of LLaMA and Qwen. When integrated with
OBCACHE scores, existing cache eviction baselines achieve superior compression and performance
trade-off on the Needle-In-A-Haystack (a), LongBench (b), and perplexity (c) benchmarks.

shown in the figure, when the perturbation window is appropriately chosen, the proxy achieves up
to 85% recall of the oracle top-k selections. Next, we demonstrate the superiority of OBCACHE.
Although derived via second-order Taylor approximation, OBCACHE scores achieve nearly iden-
tical ranking performance to the exact proxy, while being significantly more efficient due to their
closed-form expression. Compared to attention-based methods, our scores consistently yield higher
oracle recall, showcasing the benefit of incorporating output-aware signals into saliency estimation.

We observe that recall degrades when the perturbation window becomes larger. This issue stems
from attention causality: earlier tokens attend to more queries and thus accumulate disproportion-
ately higher saliency scores, introducing a structural bias that favors retaining initial tokens. To mit-
igate this, HoO reserves a portion of the cache budget for a recent window, ensuring that the most
recent tokens are never evicted. This policy is also complementary to OBCACHE, and we find that
recall further improves when a fixed 20-token window is reserved, as demonstrated in Figure 2p.

4 EXPERIMENTS

In this section, we conduct comprehensive experiments to evaluate the effectiveness of OBCACHE
in enhancing existing score-based cache eviction methods, thereby improving performance across a
range of long-context benchmarks. We evaluate OBCACHE scores for both static cache eviction in
the prefill phase (Section[#.2) and dynamic cache eviction in the decoding phase (Section[4.3). Our
evaluation demonstrates that OBCACHE consistently achieves a superior trade-off between com-
pression and performance. Additionally, we conduct efficiency experiments to showcase the negli-
gible overhead introduced by our scoring mechanism, which is detailed in Appendix [D.1]

4.1 EXPERIMENTAL SETUP

Datasets. For prefill-phase cache eviction, we adopt two widely recognized long-context bench-
marks: Needle-in-a-Haystack (NIAH) (Kamradt, |2023)) and LongBench (Bai et al., 2023b). NIAH
tests a model’s ability to retrieve a small but crucial "needle” randomly embedded in a lengthy
document. Our implementation follows the RULER benchmark (Hsieh et al., [2024)) and we eval-
uate across multiple context lengths (from 4K to 32K) under varying cache budgets. LongBench
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Table 1: Results of the Needle-in-a-Haystack test on LLaMA-3.1-8B-Instruct. Each accuracy value
corresponds to exact match over 250 random samples drawn from the RULER benchmark.

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

KV Budget (# tokens) 80 160 320 400 80 160 320 400 80 160 320 400 80 160 320 400 Ave
H20 76 368 680 772 108 472 752 792 148 452 80.0 828 172 448 724 772 5228
+ OBCACHE-VALUE 152 544 768 824 216 604 824 852 308 720 844 856 324 616 824 864 63.38
+ OBCACHE-KEY 192 556 772 840 29.6 604 828 86.8 396 708 836 848 352 652 840 880 6542
+ OBCACHE-JOINT 256 62.0 77.6 828 332 672 832 88.0 344 720 820 848 296 612 828 872 6585
TOVA 72 244 636 760 92 264 624 688 68 216 556 68.0 68 224 460 580 3895

+ OBCACHE-VALUE 124 344 756 84.0 104 376 716 812 100 344 676 772 144 316 612 684 4825
+ OBCACHE-KEY 128 372 780 864 124 380 73.6 828 120 348 692 792 152 340 604 684 49.65
+ OBCACHE-JOINT 104 340 752 852 128 392 744 804 128 37.6 69.6 788 148 324 63.6 724 49.60

SnapKV 66.4 848 928 932 584 920 964 972 556 90.8 940 952 612 960 96.8 96.8 8548
+ OBCACHE-VALUE 644 836 924 928 63.6 924 968 972 60.0 892 93.6 944 640 932 968 972 8572
+ OBCACHE-KEY 73.6 828 924 924 728 924 972 964 70.8 93.6 960 960 740 968 96.8 97.2 83.82
+ OBCACHE-JOINT 684 864 920 928 720 952 97.6 968 73.6 956 96.8 972 68.0 940 98.0 98.0 88.90

evaluates LLM’s long-context understanding via 16 datasets spanning six task categories: single-
document QA, multi-document QA, summarization, few-shot learning, synthetic reasoning, and
code completion. The average input length across all datasets is 6,711 words, making KV cache
optimization critical during inference. For decoding-phase cache eviction, we follow the setup in
StreamingLLM (Xiao et al.,[2024]), and report language modeling perplexity on PG19 (?), a dataset
of 100 books with an average length of 70K tokens.

Baselines. We compare OBCACHE with three state-of-the-art cache eviction methods: HyO
(Zhang et al., 2023), TOVA (Oren et al., [2024)), and SnapKV (Li et al.| 2024), all of which rely
solely on attention statistics but differ in eviction strategy. H>O accumulates historical attention
weights while retaining a fixed window of recent tokens. TOVA selects tokens based solely on the
most recent query’s attention weights and does not require a recent window. SnapKV, designed for
prefill-only eviction, scores tokens based on a recent attention window and applies pooling to smooth
token importance, making it effective for retrieval-centric tasks. We integrate OBCACHE into these
baselines by replacing their attention-based scores with our perturbation-aware scores while pre-
serving their original eviction strategies. We refer to our eviction methods using the value-pruning
score (Equation d) as OBCACHE-VALUE, the key-pruning score (Equation [5)) as OBCACHE-KEY,
and joint pruning score (Equation|6) as OBCACHE-JOINT, respectively.

Implementation Details. We use LLaMA-3.1-8B-Instruct (Grattafiori et al.,|2024)) and Qwen-2.5-
7B-Instruct (Bai et al., 2023a)) as our backbone LLMs, both of which natively supports 128K con-
text windows. All experiments are implemented using the HuggingFace Transformers library (Wolf
et al.,|2020) with PyTorch (Paszke et al.|[2019). To improve efficiency, we modify existing baseline’s
prefill-phase attention operation using FlashAttention-2 (Daol 2023), which reduces memory over-
head for long-context samples. For prefill-phase eviction, we follow setups in SnapKV, where cache
eviction occurs only once before decoding begins. This reflects real-world scenarios where prefill
KV cache dominates memory usage compared to the ones in decoding. For decoding-phase eviction,
we follow H-O to fix a recent window, while evicting tokens at every step to evaluate the dynamic
impact of different saliency scores. Full implementation details are provided in Appendix [C]

4.2 PREFILL CACHE EVICTION

Needle-In-A-Haystack Results. Table [I] presents detailed NIAH passkey retrieval accuracy un-
der different cache budgets and context lengths, comparing baseline eviction methods with their
OBCACHE-enhanced counterparts. In addition, we aggregate accuracies over all context sizes and
present the compression-performance trade-off curves for OBCACHE-JOINT in Figure [3h.

Across all baselines, compression rates, and context lengths, integrating OBCACHE scores consis-
tently improves the retrieval accuracy. In particular, when applied to HoO and TOVA, OBCACHE
yields substantial accuracy gains, achieving over 1.26x the original accuracy. These increments are
more significant under extreme compression rates, highlighting the advantage of our output-aware
saliency in identifying critical tokens. For SnapKYV, the improvement is relatively smaller (3% ab-
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solute increase) as it already performs near saturation. However, under severe compression settings
(e.g., 80-token budgets), OBCACHE still achieves 10% absolute gains as depicted in Figure [3p.
These results demonstrate the robustness of OBCACHE scores in constrained memory settings.
Overall, all three baselines benefit from the integration of OBCACHE at every tested compression
rate, which highlights the advantage of our output-aware scoring mechanism over attention-based
heuristics.

In addition to the comparison with baselines, Table[T]also provides an ablation on OBCACHE's three
score variants, derived via different pruning unit assumptions. We observe that eviction scores de-
rived from key pruning, i.e., OBCACHE-KEY and OBCACHE-JOINT, tend to outperform the value-
only variant OBCACHE-VALUE. This aligns with our expectation that pruning keys has greater
impact, due to their role in shaping attention distributions and ultimately the model predictions. Ac-
counting for key sensitivity thus yields more accurate saliency estimates and better performance.
Although the OBCACHE-VALUE variant underperforms slightly, it remains appealing for its sim-
plicity: it requires only an additional scaling factor based on value-state norms, making it nearly as
efficient as baseline attention scores while still delivering substantial performance gains.

LongBench Results. We report the full table of results across all 16 LongBench datasets when
retaining only 5%, 10%, 20% of the KV tokens in Appendix To highlight the benefits of
OBCACHE, we also present the average task performance across different compression rates in Fig-
ure[3p. For both LLaMA-3.1 and Qwen-2.5 models, we observe consistent improvements in average
performance when integrating OB CACHE into existing baselines. Interestingly, the improvement for
SnapKV on Qwen is relatively smaller. We hypothesize that this is due to SnapKV’s pooling-based
smoothing mechanism providing limited additional benefit when applied to our key-pruning scores,
which already capture more nuanced token saliency beyond raw attention statistics. Overall, the
results confirm that replacing attention-only scores with OBCACHE saliency enables more effective
preservation of task-critical tokens under various compression levels.

4.3 DyYNAMIC CACHE EVICTION

Beyond static prefill-phase cache eviction,
OBCACHE is also applicable to decoding- i
time scenarios, where tokens must be

--------- Cache Budget

. . . 13.5 -~ Sink
evicted dynamically. To §valuate th1§, we - H20w/ Sink
measure language modeling perplexity at 13.0118 .6 —— OBCache-Value w/ Sink
varying sequence lengths on the PG19 test 125]F 11a] e Rt —— OBCache-Key w/ Sink

set, using a fixed cache budget of 1024 to- e l OBCache-Joint w/ Sink

kens. Following Xiao et al.| (2024), we al-
locate 4 fixed initial tokens for all meth-
ods, as these tokens act as attention sinks
and are crucial for long-sequence gener-
ation quality. As shown in Figure [4] the
Sink baseline, which statically allocates
the cache to fixed initial and recent to-
kens, demonstrates the highest perplexity.
The H»O baseline, which dynamically se- 1k 4k 8k 12k 16k 20k 24k 28k 32k
lects important tokens based on cumula- Input Sequence Length

tive attention statistics, performs moder- ) ) )
ately better. In contrast, all OBCAcHE Figure 4: Language modeling perplexity evaluation on
variants, which also accumulate output- PG19. We prompt Llama-3.1-8B-In.struct with 1 to
aware scores over time, consistently out- 32K tokens .and measure the perplexity of output to-
perform H,O across all sequence lengths. Kens at varying context lengths. The KV cache budget
As observed, OBCACHE-JOINT does not for all methods is fixed at 1024 number of tokens.

yield better performance than OBCACHE-

KEY, suggesting that a better combination of key and value pruning scores may exist beyond the
current plain additive formulation. SnapKV is not evaluated as it does not support decoding-phase
eviction. We also present the perplexity-compression trade-off curves in Figure 3¢, where baselines
integrated with OBCACHE scores all exhibit consistently lower perplexity at all compression levels.
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These results confirm that our perturbation-aware saliency scores can improve memory utilization
and preserve long-range dependencies critical for continuous generation.

5 CONCLUSION

In this work, we introduce OBCACHE, a principled framework for KV cache eviction in large lan-
guage model inference, grounded in a perturbation minimization perspective. By casting cache evic-
tion as a layer-wise structured pruning problem, we derived token saliency scores that aim to min-
imize the impact of removal on attention outputs. Leveraging second-order Taylor approximations,
OBCACHE yields efficient, closed-form token saliency scores that generalize existing attention-
based heuristics while incorporating more effective output-aware signals. Extensive experiments
across both prefilling and decoding scenarios on long-context benchmarks demonstrate that OB-
CACHE consistently outperforms state-of-the-art baselines, including H,O, TOVA, and SnapKV,
achieving superior performance-compression trade-offs, particularly under tight memory budgets.
OBCACHE also offers a flexible foundation for principled KV cache compression. Its structured
pruning framework can be extended to other settings by modifying the pruning objective or unit.
For instance, one could adapt OBCACHE to channel-wise KV pruning, or explore cache merging
strategies by relaxing the diagonal approximation in our analysis. These directions open promis-
ing paths towards more effective and theoretically grounded KV cache management in long-context
LLMs.

ETHICS STATEMENT

The authors of this work have read and commit to adhering to the Code of Ethics. Our research
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Appendix

A DISCUSSION

A.1 LIMITATIONS AND FUTURE WORKS

While effective, OBCACHE presents several opportunities for further improvement. One notable
limitation is the structural bias towards earlier tokens, a common drawback in many existing cache
eviction methods, which also emerges in OBCACHE, particularly as the perturbation window in-
crease. Although heuristics like retaining a fixed-size recent window help mitigate this bias by lever-
aging the locality of attention patterns, such strategies remain static and empirically driven. Future
work should more systematically investigate the design and adaptability of perturbation windows
to better improve saliency estimation. Additionally, OBCACHE’s current dynamic cache eviction
strategy in the decoding phase directly follows HoO by accumulating saliency scores over time, ef-
fectively minimizing perturbations over the full sequence history. However, under our formulation,
alternative objectives could be explored. For example, accumulating scores only within a recent
attention window. Such variants may yield improved adaptability in long-context generation.

On the theoretical side, OBCACHE introduces a flexible, perturbation-minimization framework that
can be extended to a broader class of KV cache compression strategies. For instance, due to the
inherent flexibility of structured pruning, one could adapt the OBCACHE formulation to key chan-
nel pruning by redefining the pruning units from tokens to channels. Leveraging approximation
techniques, it is possible to derive corresponding closed-form saliency scores from an output-aware
perspective, enabling informed channel-level pruning decisions. Moreover, our approach relies on
the diagonal Hessian assumption used in Optimal Brain Damage, which supports only token re-
moval. In contrast, another classical pruning theory Optimal Brain Surgeon relaxes this assumption
by allowing compensation across pruning units, adjusting remaining parameters to reduce loss. This
perspective aligns naturally with recent works on cache merging, and could inspire more theoreti-
cally grounded cache management techniques for long-context LLMs.

Overall, OBCACHE offers a flexible foundation for future research into KV cache compression.
Its structured and theoretically motivated formulation opens up promising directions for designing
more effective and principled KV cache management.

A.2 USE OF LARGE LANGUAGE MODELS

In this work, we used large language models (LLMs) to assist with manuscript editing. LLMs were
used to help polish the language of the manuscript. This includes surface-level edits such as improv-
ing clarity, grammar, and conciseness of English expressions. All technical content, algorithmic
designs, and empirical results were authored and validated by the authors. No part of the scientific
contributions was generated by or delegated to an LLM.

B THEORETICAL ANALYSIS

In this section, we demonstrate the full proof and derivations to obtain the OBCACHE scores
in Equation[d] Equation [5|and Equation[6] We use consistent notations as previously defined in Sec-

tion3.11

B.1 OBCACHE OBJECTIVE FUNCTION

As demonstrated in Section [3.2] and Section [3.4] we formulate the saliency score for a candidate
key-value token as Equation |1} which is the pruning-induced eviction error within a perturbation
window for query positions w through s:

E(\A/',IA() = Hau,;s—Ow:sHi = HsoftmaX(QL\;ERT)\Af—softmax(%)VHQF. (10)

In what follows, we let O; ; = a; V. ; denote the j-th feature element in the i-th row vector of
the attention output matrix O, where a; is the i-th row vector of the attention weight matrix. The

13
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squared Frobenius norm objective in Equation [I0| can be explicitly decomposed into a summation
form across all element-wise squared error:

L(V,K) = ZZiOlj — 04,/

i=w j=1
BTN KT
(qz )V:J— — softmax(qi{E )V:7J-|2 (11)
i=w j=1
A s d
ML
i=w j=1
For clarity in the following derivations, we define E; ; := |(A)Z ;— 0, ;|? as the squared difference of

the output element O; ; before and after applying a perturbation 0V and dK. Expanding explicitly,
the element-wise output perturbation for O ; is:

~ ~ RT ®T
E;;(V.;,K)= \softmax(ql\z )V:’j - softmax(ql\z )V;)j|2. (12)

Given this element-wise objective, we follow the Optimal Brain Damage (OBD) theory (LeCun
et al., |1989) to apply a second-order Taylor expansion of E; ; around (V. ;,K), and analytically
approximate the element-wise output perturbation:
= n 0F; ;(V.;, K 1 0’E; ;(V.;,K
(V K) second 7J(V i K) + 5VT ]( ) 5VT J( 57 )5V ;
order ’ ’ aV:J 2 av2 ’

KTaEl](V K) 5KT82EZ.](V J7K)5K
2 K2

SK + O([l(0V.;,0K)[1%).

+ 0

T 0?Ei;(V.;,K)

Y9V, ,0K

+ 6V,

Through substitution into Equation |12} the constant term E; ;(V. ;, K) vanishes because we have

Om O, ; = 0 at the expansion point (V. ;, K). Therefore, the full matrix-wise objective, pruning-
induced eviction error, approximated viaa Taylor—series to the second order, becomes:

A second T 8E 1.7 VJ,K) T 82 zj( ) 4

£ order ZZ — 26V 6—26Vj (13)

i=w j=1 .,]
2
ZZdKTaE” )+ 5KTM (14)
i=w j=1 K 2 8K2
E K

225 Ta,]—V,j,)aK. (15)
= j=1 oV. ;0K

B.2 ISOLATED VALUE-PRUNING SCORE

In isolated value pruning, the key-cache matrix is not perturbed and is considered a constant not
affecting £. Therefore, minimizing the pruning-induced eviction error reduces to minimizing Equa-
tion[I3] To derive saliency scores in closed form, we begin by deriving expressrons for the gradient

and Hessian with respect to V i. The first-order derivative of E; ; with respect to \Z st

GEU 0 ~ 9 ~ 0 o ~ )
— :A701‘7‘*Oi" :2017—027 faiV:y-:Z Oi_4—0i7-ai. (16)
aV:J 8V7J| J ]i ( J J)aV:J‘ J ( »J J)

When evaluated at (V. ;, K), we again have 6L 7 — O;,; = 0, so the gradient term vanishes to zero.
The Hessian of £ with respect to V. ; evaluated at (V. ;, K) is

PEi;(V.;,K) _, 0 ((ai,j—oma)(ao”)

a V.

= =2a/ a;. (17)
avj{ i 20, ;

(Vi,j 1K)
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Substituting the gradient and Hessian back into Equation [I3] we get the pruning-induced eviction
error when value states are considered as isolate pruning units:

s d s d
Lyvalue Z Z 5VTJ (al—_rai)(gV:’j = Z Z |aZ-5V:’j\2, (18)
i=w j=1 i=w j=1

Next, the row-wise pruning constraint e; V=0 implies that when pruning the p-th token position,
the value cache perturbation V. ; is explicitly in the form:

-V, i, whent=p .
oV = P Vi=1,..d.
b {0, whent £ p’ J T

Substituting this value perturbation into £¥4"¢, we obtain the output perturbation when pruning the
p-th value vector from the value cache V:

s d s d s
Sy =" NAip- VP =Y 1AL D Ve, =D AL Il L (19
j=1 i=w

i=w j=1 i=w

This is also the value-pruning saliency score for evicting the p-th value vector v, from the value
cache. It is consistent with the expression in Equation[d]in Section [3.3]

B.3 ISOLATED KEY-PRUNING SCORE

In isolated key pruning, the value-cache matrix is not perturbed and is assumed a constant. There-
fore, minimizing the pruning-induced eviction error reduces to minimizing Equation[T4] Same as
in value-pruning score, we begin by deriving closed-form expressions for the gradient and Hessian

with respect to K. The first-order derivative of E; ; with respect to K is:
GEZ j 86iaj
OK OK
Before deriving the first-order term explicitly, note that when evaluated at the point (V. ;, K), we

6 ~ ~
= afﬁmi,j - 0,;,*=2(0;; — 0;;) (20)

again have O; ; — O; ; = 0. Consequently, the first-order term is eliminated, a result that is the
same as in isolated value pruning. We now explicitly derive the term M (47) .= 85}%” above:

<

A(i ) _ aﬁi,j _ a ® A. . g o u (“)(A)m- 6;&1’7,1
My <af< )p,r R 2 A Vi =2 OA;m 0K, ,

s ~
00, ;

m=1

-~ ~ ~ 1
= z:l Vm,j uz::l Ai,m(ému - Ai,u)ﬁQi,rdup

-~ i ~ 1
- Vm] ’ Ai,m((smp - Ai’p)iQi,r (6up = 0 when u 7& p)
m=1 ’ \/&
1 S~ R s R R
= 2 Qur (3 Vi R Oy = 37 Vi B Aiy)
d m=1 m=1
1 ~ - N s R
= 7sz,r (V;D,] . Ai,p - Ai,p Z Vo j Ai,m) (6mp = 0 when m 7é )
m=1
1 ~ ~ ~
N 7in’T Aip- (Vi = 0ij) (21)
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Therefore, the first-order derivative of E; ; with respect to the perturbed key cache K is:

8EJ 1 —~ ~ ~
b = 2(0;; — 0;;)M )| where M) = ir Aip-(Vpj—0;).
8K ( 1,7 J) \/aQ ) Py ( psJ ,J)

We now proceed to derive the Hessian, which is a 4-th order tensor of size s X d X s X d. The
second-order derivative of the element-wise perturbation E; ; with respect to K is:

PE;; - o~ . OM (D)
—2 =MW g <A2(0m‘ - Ouj)) +2(0i; = O0ij)—=—
K2 0K ' 7K
e ~ M (E9)
=2M ) @ M) 1+ 2(0;,; — om)aaif(, (22)

where ® denotes the matrix-wise outer producﬂ Since the Hessian will be evaluated at the point

(V.,;,K), where the perturbed attention output again matches the original, i.e., O; ; — O, ; = 0,
the second term in Equation 22] vanishes. Therefore, the Hessian is:

P E;

e = oM GD g MBI = 2\,60(]\4(1}3‘))"'\,6:(:(]\4(11,1'))7 (23)

(V.,;,K)

where M( fQ“ A (Vp,— 04 5).
Here, we use vec(-) to denote the vectorization of a matrix. Substituting the gradient and Hessian
back into Equation [T4] we get the pruning-induced eviction error when key states are considered as
isolate pruning units:

s d
£k = Z Z vec(éK)Tvec(M(i’j))Tvec(M(i’j))vec(éK)
i—wj—l
= Z Z [vec (M “9))vec(5K)|?. (24)
1=w j=1

Similarly, the row-wise pruning constraint in e; K=0 implies that when pruning the p-th token
position, the key cache perturbation JK is explicitly in the form:

—-K, ., whent=p .
0K ; = P.J> Vji=1,..4d.
b {0, whent # p’ J= e

Substituting this key perturbation into £*¢¥, we obtain the output perturbation when pruning the p-th
value vector from the value cache K (we let m(w ) to denote the p-th row vector of M (:));

S}fey = Z Z \mg’j) kp‘2 Z Z | Z Qv r Aip(Vpj —0ij) 'Kpﬂ"|2

i=w j=1 i=wj=1 r= [ Vd
d
- é Z Z [Aip(Vpi = 0iy) - Y QinKpl’
i=w j=1 r=1

1a
~d Z Z |Aip(Vp —O0ij) ~qik;\2

1=w j=1

s d
1
=7 Z Ayl aik, |2 Z Vi — Ol
i=w j=1

S
=D 1Aip* - 1Zipl? - lvy —0il3 |

i=w

This is also the key-pruning saliency score for evicting the p-th key vector k,, from the key cache. It
is consistent with the expression in Equation[3]in Section 3.3]

'For any two matrices C, D € R**?, the output tensor via outer product is C ® D € R¥*4*sx4d,
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B.4 JOINT-PRUNING SCORE

When both V. ; and K are treated as variables affecting £, we need to compute the cross-term in
the error function, which corresponds to deriving a closed-form expression for Equation Given
that the first-order derivative of E; ; with respect to V. ; is known, we can compute the cross-term
as follows:

O*E; 0 A R
e 7/\2(01‘)]‘ — Om)ai

67\7:,].812 oK
—a4® (a 2(0;,; — O, 4)> +2(0;, — 0O, )785" (25)
i 8A ,J 4,J 2] ©J GIA(.

Same as in deriving key-pruning scores, the second term above will be zero when evaluated at the
point (V. ;, K). Therefore, the cross second-order term is:

1
m‘(v  K) Qi,r 'Ai,p : (prj — Oi,j)~ (26)
5j E

Vd

Substituting this back into Equation we get the cross-term of the pruning-induced eviction error
when the the value and key states are considered as combined pruning units:

=2a; @ M) where M(”)

[OToss Z Z(SVT 2a ® M(l J) K =2 Z Z 5VT M(Z 7) (5K> 27

i=w j=1 i=w j=1
where (M) 6K)p =3, M 5K, = tr(M(ivj)T(SK) is the Frobenius inner product.

When the p-th key and value are pruned, the row-wise pruning constraint in e [\7 IA(] = 0 implies
that the value cache perturbation 6V and the key cache perturbation K are explicitly in the form:

6V = —Vypj, Wwhent=p 0K, = -K,;, whent=p ,
’ 0, when t # p ’ 0, when t # p
Thus, we have each term in £°%:
1
Vd

Substituting these two expressions back into Equation [27] we obtain the cross term in closed form:

oV a;=—A;,V,,;, (M%) K)p=—

\J Aip- (Vp,j - Oi,j) : (Qik;)~

L= Z ZA%p pi* (Vpj = 0ij) - (aiky,)

i=w j=1

d
2
- ﬁ Z Aip ’ (qik;) va,j (Vp; — 04 )
T=w j=1

- QZA (Ivpll3 — vy 0i) | (28)

Finally, the saliency score of the token at position p when both value and key states are treated as
pruning units is the summation of £¥3%, £X& and L£°7s:

Sioint — 2 Z A7, (Ivpll3 = vy 0;) + Sye + Sk | (29)

This is consistent with the joint score expression in Equation [6|of Section
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B.5 SCORES FOR GROUPED-QUERY ATTENTION

In models with Grouped-Query Attention (GQA) (Ainslie et al., 2023)), multiple query heads share
a single key and value head, reducing KV cache storage at the architectural level. To support cache
eviction under this setting, we explicitly incorporate the head-group structure into our analysis and
derive the corresponding OB CACHE scores.

We use superscripts ¢ to denote KV-head index, & to denote query-head index, and H (g) as the set of
query heads associated with KV head g. Our previous derivation omits head indices for simplicity.
Here, we specifically include head indexing for multi-head attention (MHA). If the pruning-induced
eviction error is defined on the per-head attention output,

L :=||0" — O"|3., where O", 0" € R**?,

the OBCACHE scores for the h-th head naturally extend to:

Srawe — Z AL 12 |[vh)? (30)
k
;%—ZIA D 1ZE P lvE —ol|3 (31)
T value
2032“—22\1& 220, ([Vh3 —vh o)+ Sye + S5 (32)

In standard MHA, each output head O" depends on its own K" and V. In GQA, however, a group
of output heads {O"}),¢ y7(4) shares the same key and value K9 and V¥, i.c.,

VI=VhVheH(g), KI=K" VheH(g)
If we now modify the objective to be the sum of output perturbation across heads within a group:
L= 3 [|0"-O".
heH(g)

the OBCACHE scores for the g-th KV head introduce an additional summation over its associated
query heads:

Sy = SZ?E’S= ST TIAL R vel? (33)

h€H(g heH(g) i
ki
C DY S,fzz > Z|A 21z 12 Ve 0|13 (34)
hGH heH 7
join oin T
Simt=%" Shit=2 " (zw 2.zl (VO3 v h)) + Syle 4 gk (35)
h€H(g) heH(g) i

Objective formulations other than summation can also yield valid per-K'V-head scores. In our exper-
iments, we follow the SnapKV implementation, which stores the KV cache for all query heads and
performs eviction across them. We additionally evaluate the above GQA-aware formulation without
retaining all query heads, and the results are reported in Table [3]in Appendix [D.2]

18



Under review as a conference paper at ICLR 2026

C EXPERIMENTAL SETUP

All the experiments are conducted on a single NVIDIA A100 GPU. We adapt the Hugging Face
Transformers library (Wolf et al.,|[2020) with PyTorch (Paszke et al.,|2019) to implement the cache
eviction algorithms. We use two representative instruction-tuned large language models as back-
bones: LLaMA-3.1-8B-Instruct (Grattafior1 et al.l 2024) and Qwen-2.5-7B-Instruct (Bai et al.|
2023a). Both models employ Grouped Query Attention (GQA) and natively support a context win-
dow size of up to 128K tokens. All model inference is performed in half precision (bfloat16) with
no quantization applied.

For tasks with extensive prefill prompt lengths, we use FlashAttention-2 (Daol [2023) for prefill at-
tention computation to reduce memory overhead. We then recompute attention weights for selected
query positions as needed to compute saliency scores for token eviction, since attention weights are
not materialized in FlashAttention.

C.1 DATASETS

We evaluate OBCACHE and existing cache eviction methods on three benchmarks: Needle-In-A-
Haystack (Kamradt, [2023), LongBench (Bai et al.l [2023b), and perplexity on the PG19 dataset
(Rae et al) [2019), targeting prefill-phase static cache eviction and decoding-phase dynamic cache
eviction, respectively.

Needle-In-A-Haystack (NIAH). We follow the setup from the RULER benchmark (Hsieh et al.,
2024])), specifically the niah_single_2 taskﬂ where a randomly generated 7-digit “needle”
passkey is embedded into a Paul Graham essay haystack. Context lengths of 4K, 8K, 16K, and
32K tokens are tested, with each setting containing 250 randomly generated samples.

LongBench. LongBench includes 16 datasets across six task categories: single-document QA,
multi-document QA, summarization, few-shot learning, synthetic reasoning, and code completion.
The average input length is 6,711 words (approximately 16K tokens). For all models and meth-
ods, we truncate each sample to a maximum of 32K tokens. To ensure fair comparison, we follow
SnapKV (L1 et al.l 2024) and perform cache eviction only during the prefill phase. Task-specific
evaluation metrics (e.g., Exact Match/F1 for QA tasks, ROUGE for summarization tasks) are re-
ported using LongBench'’s official evaluation scripﬂ

Perplexity. For decoding-phase cache eviction, we adopt the PG19 test set following the setup in
StreamingLLM (Xiao et al., |2024). PG19 contains 100 full-length books, each averaging around
70K tokens. We evaluate on the standard test splitE] and compute perplexity across varying context
lengths (from 1 to 32K), using a fixed KV cache budget of 1024 tokens for all dynamic cache
eviction methods.

C.2 BASELINE SETUPS
C.2.1 PREFILL EVICTION

To evaluate baselines for prefill-phase cache eviction, we follow the experimental setup of SnapKV
(L1 et al., [2024) and perform cache eviction only during the prefill phase. Since SnapKV does not
support eviction during decoding, no cached tokens are evicted in the decoding phase (for NIAH and
LongBench tasks). In these benchmarks, the prompt length dominates and is the primary bottleneck;
thus, applying decoding-phase eviction has little impact on performance.

H>0. H,O originally accumulates attention weights across all historical query positions to make
eviction decisions. This is incompatible with the FlashAttention prefill implementation, as it requires
recomputing full attention weights. To enable efficient implementation, we follow SnapKV’s version
of HoO and accumulate query positions only within a recent perturbation window. For NIAH tasks,

Zhttps://github.com/NVIDIA/RULER/blob/main/README . md
*https://github.com/THUDM/LongBench/blob/main/LongBench/pred.py
*nttps://huggingface.co/datasets/emozilla/pgl9
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Table 2: Comparison of OBCACHE scores with purely attention-based scores on cache eviction. We
define W = s — w as the size of the perturbation window, dj,q as the head hidden dimension.

Method Saliency Score S, Complexity
Attention-Based > lAu ow)
OBCACHE-VALUE S lA 1 vpll? O(W + dhead)
OBCACHE-KEY S lA 2 | Zip)? - vy — 0|3 O(W dpeaq)
OBCACHE-JOINT 237 |Aipl? - Zip - ([vpl3 — v] 0;) + S5 + S5 O(W dheas)

the perturbation window size is set to 16. For LongBench tasks, the window size is 5% of the prompt
length [. All tokens in the perturbation window are treated as recent tokens, and the remaining cache
budget is allocated to select heavy hitters.

TOVA. TOVA does not accumulate attention weights but makes eviction decisions solely based on
the most recent attention distribution. In all prefill-eviction evaluations, the cache budget is entirely
allocated to the heavy hitters.

SnapKV. In SnapKYV, the same perturbation window as in H2O is used. The key difference is that
SnapKV additionally applies a max-pooling filter to the accumulated scores before eviction. For
all SnapKV and OBCACHE-enhanced experiments, we follow the official implementation, using a
max-pooling function with a kernel size of 7 and a stride of 1.

C.2.2 DECODING EVICTION

To evaluate baselines for decoding-phase cache eviction, we follow the setup of Streamingl.LM
(Xiao et al.,|2024])), where eviction decisions are made at every decoding step. All eviction methods
are evaluated with a fixed 1024-token cache budget.

StreamingLLM. For Streamingl.LM, we maintain the first 4 tokens as attention sinks and always
keep the most recent 1020 tokens. Since attention sinks are essential for long-context generation,
we retain the first 4 sink tokens in all other methods as well.

H>0. At each decoding step, HoO accumulates attention weights across all historical query posi-
tions to make eviction decisions. In all perplexity experiments of HoO and its OBCACHE-enhanced
variants, a 256-token recent window is always reserved. The remaining 764 tokens are dynamically
selected using their respective saliency scores.

TOVA. As in prefill eviction, TOVA does not use a fixed recent window. All 1020 heavy-hitter
tokens are dynamically selected based on the attention scores from the latest query position.

D EXPERIMENTAL RESULTS

D.1 EFFICIENCY EVALUATION OF OBCACHE SCORES

To analyze the additional computation overhead introduced by OBCACHE scores, we compare
their complexity against purely attention-based scores, as summarized in Table 2} For OBCACHE-
VALUE, the only additional operation beyond attention-based scores is computing the norm of the
value state, which adds a negligible linear term in the per-head hidden dimension. OBCACHE-
KEY and OBCACHE-JOINT require computing the norm of the difference between the value vec-
tor and each attention output vector within the perturbation window, resulting in a complexity of
O(Wdpeaa). This is more expensive than OBCACHE-VALUE. However, in practical settings, the
perturbation window W is often very small (e.g., W = 16 in the prefill phase and W = 1 during
decoding), so the additional overhead remains minor relative to the overall model computation.

We empirically benchmark peak memory usage and latency overhead during prefill and decoding
with varying context lengths and batch sizes on a single A100-80GB GPU, as shown in Figure [3]
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LLaMA-3.1-8B Decoding Efficiency (10% KV; Batch 1) LLaMA-3.1-8B Decoding Efficiency (10% KV; Batch 4)
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Figure 5: Decoding complexity of OBCACHE. We report the per-token decoding latency (averaged
over 512 generated tokens) and peak memory consumption across different methods. Results are
shown for varying context lengths, with batch size 1 on the left and batch size 4 on the right. Out-
of-memory (OOM) results are linearly extrapolated from measured data.

LLaMA-3.1-8B Prefill Efficiency (10% KV; Batch 1) LLaMA-3.1-8B Prefill Efficiency (10% KV; Batch 4)
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Figure 6: Prefill complexity of OBCACHE. We report the time required from the start of prefill
until the first token is generated, including the cache eviction operation. Results are presented for
different context lengths, with batch size 1 shown on the left and batch size 4 on the right.

and Figure [6] For each configuration, we measure: (1) the average time from the start of prefill
until the first output token is generated, including the cache eviction operation, and (2) the per-token
decoding latency where scoring and eviction are dynamically updated.

Across both single- and multi-batch settings, the results show that OBCACHE-VALUE has nearly
identical decoding latency (< 2 ms) to attention-based methods across all context lengths. While
OBCACHE-KEY and OBCACHE-JOINT introduce additional latency (< 15 ms), their cost remains
substantially lower than full-cache decoding and does not scale linearly with context length, demon-
strating practical efficiency. In the prefill phase, all eviction methods show negligible additional la-
tency compared to the full-KV baseline. These empirical results align with the complexity analysis
and demonstrate that OBCache scores can be efficiently computed. We also note that our implemen-
tation of score-based cache eviction is built on default PyTorch primitives (e.g., torch.gather
and torch. cat) without customized kernels. As a result, at small context lengths, eviction meth-
ods exhibit higher latency than full-cache decoding. In the future, developing specialized kernels
for score computation and cache eviction would yield additional speed improvements and further
enhance practical deployment efficiency.

D.2 RESULTS USING GQA SCORES

We evaluate the GQA-aware OBCACHE scores in Appendix on Needle-In-A-Haystack, three
single-document QA tasks (Qasper, MultifieldQA, and NarrativeQA), one summarization task
(MultiNews), and one few-shot learning task (SAMSum) from LongBench. The results, compared
against those obtained when storing all query heads, are presented in Table 3] We find that adopting
GQA-aware scores can substantially improve performance in retrieval-centric tasks (e.g., NIAH and
Qasper) while requiring fewer KV heads. However, on other tasks, the GQA setting leads to similar
or inferior performance.
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Table 3: Results of NIAH, Qasper, MultifieldQA, NarrativeQA, MultiNews and SAMSum on
LLaMA-3.1-8B-Instruct using GQA-aware scores. In NIAH, we use 8K context lengths and set
the KV budget at 80 tokens. In other LongBench tasks, we use 10% cache budget with other set-
tings unchanged.

NIAH (8K) Qasper MultifieldQA NarrativeQA MultiNews SAMSum
w/o  w/GQAscore  w/o  w/GQAscore w/o w/GQAscore w/o w/GQAscore w/o w/GQAscore w/o  w/GQA score

ALKV 100.0 44.75 55.21 28.79 27.23 43.75

H20 10.8 68.0 31.95 35.29 49.83 51.97 26.94 29.39 22.05 21.45 423 41.63
+ OBCACHE-VALUE = 21.6 80.0 32.65 37.46 50.55 53.01 27.55 29.26 21.67 22.21 42.24 4231
+ OBCACHE-KEY 29.6 72.0 35.55 36.09 50.82 5233 27.65 292 222 2227 42.18 425
+ OBCACHE-JOINT ~ 332 74.8 3429 36.52 52.17 52.32 27.53 29.17 22.19 22.39 43.07 42.28

TOVA 9.2 316 28.51 30.37 48.16 51.78 27.11 26.71 21.41 21.31 42.34 43.91
+ OBCACHE-VALUE 10.4 524 29.23 32.01 47.19 52.33 26.35 27.25 21.46 2191 42.82 43.77
+ OBCACHE-KEY 12.4 55.6 29.93 30.66 49.25 51.57 26.94 27.23 21.51 21.65 42.44 44.06
+ OBCACHE-JOINT ~ 12.8 55.6 29.78 30.98 49.22 51.44 26.18 27.07 215 21.67 42.79 43.34

SnapKV 584 98.4 37.95 3831 53.65 53.96 28.09 28.68 222 21.86 42.27 41.78
+ OBCACHE-VALUE  63.6 99.2 37.77 40.56 53.89 54.4 28.38 27.83 22.57 22.34 435 43.26
+ OBCACHE-KEY 72.8 98.8 39.71 39.48 53.44 53.3 28.22 29.11 22.73 22.37 42.58 4274
+ OBCACHE-JOINT ~ 72.0 97.2 382 40.5 53.92 53.71 28.69 28.12 22,6 21.97 43.16 42.89

Table 4: LongBench results for LLaMA-3.1-8B-Instruct.

Single-Document QA Multi-Document QA Summarization Few-shot Learning Synthetic Code
> > © o 5 > © 0
Methods ﬁ“{Q} Q&Vﬁ v\Q_e\‘ ‘\B\Q&Q m‘ﬂ.&&\ﬁ yh‘)é‘“\‘ Q,c"?'m Q“\g\\“\ @\o\‘-\ée "?g,C Q{\““Q $y.“\$° ch\\“ Bl q&g
ALL KV 2879 4475 5521 55.53 45.59 30.89 35.01 25.39 27.23 72.5 91.65 43.75 678 99.5 5223 49.39
H20 24.81 3009 4746 5238 42.26 28.35 25.92 23.71 20.87 40.5 90.81 41.32 6.15  99.5 40.46 44.56
+ OBCACHE-VALUE  26.26  29.7 48.15 52.43 41.66 28.27 26.29 24.06 21.03 40.5 91.58 41.72 631 99.5 41.16 44.63
+ OBCACHE-KEY 2543 3248 4727 5291 41.66 28.94 25.61 23.93 21.17 415 9113 41.69 631 99.5 41.6 4524
+ OBCACHE-JOINT ~ 25.61 322 4947 5331 41.58 28.22 26.34 23.69 21.28 41.0  90.78 41.53 631 99.5 41.26 45.16
TOVA 2627 24.83 4448 52.69 39.04 28.68 25.0 22.96 20.71 41.0 92.16 42.28 6.31 99.5 37.35 35.21
i + OBCACHE-VALUE 2641 2576 45.03 53.0 39.61 28.5 25.12 22.93 20.77 420  92.66 42.49 631 99.5 37.33 35.56
5| +OBCACHE-KEY 2671 2572 4589 533 40.61 28.85 25.39 22.55 20.35 43.0  91.68 41.96 631 99.5 37.02 34.29
+OBCACHE-JOINT 2593  25.88 43.6 53.03 39.89 28.13 25.23 23.09 20.77 420 9161 42.24 631 99.5 38.15 363
SnapKV 2634 352 5433 5441 42.96 30.06 25.84 24.06 20.28 67.5 91.72 41.64 631  99.5 42.82 46.58
+OBCACHE-VALUE 26.59 3534 51.69  55.03 423 30.03 26.05 24.73 20.25 66.0  91.68 41.66 631 99.5 42.82 46.47
+ OBCACHE-KEY 2701 3625 5222 552 42.86 30.39 26.3 24.42 20.47 68.0  90.72 41.35 631 99.5 4257 475
+OBCACHE-JOINT 268 3522 5327 5474 4333 30.47 26.13 24.48 20.56 67.5 91.34 41.34 631 995 429 47.07
H20 2694 3195 49.83 53.37 44.41 29.22 274 23.86 22.05 435 91.51 423 6.31  99.5 47.35 46.99
+OBCACHE-VALUE 27.55 32,65 50.55  53.99 45.25 30.2 27.33 23.61 21.67 435 91.83 4224 631 99.5 48.02 46.59
+ OBCACHE-KEY 27.65 3555 5082 5339 44.53 29.66 27.26 23.72 222 450 9152 42.18 6.31 99.5 48.25 47.03
+OBCACHE-JOINT ~ 27.53 3429 5217  53.65 44.71 29.63 27.76 23.84 22.19 440 9151 43.07 6.31 99.5 4821 47.01
> TOVA 27.11 2851 4816  54.13 39.84 28.24 26.66 23.0 21.41 46.0 9213 42.34 631 99.5 41.32 38.36
| +OBCACHE-VALUE 2635 2923 47.19  54.58 40.09 28.92 26.56 23.22 21.46 46.5 91.68 42.82 631 99.5 41.21 38.99
S| +OBCACHE-KEY 26.94 2993 4925 5431 40.3 28.87 26.73 23.18 21.51 475  91.78 42.44 631 99.5 41.04 39.36
T| +OBCACHE-JOINT 26.18 29.78 49.22 54.3 40.73 29.19 26.47 23.71 21.5 47.0 9147 4279 631 99.5 41.57 39.17
SnapKV 28.09 37.95 53.65 55.08 43.53 30.17 27.79 24.41 222 67.5 91.97 4227 631 99.5 50.07 48.09
+OBCACHE-VALUE 2838 3777 5389  55.67 43.0 30.05 277 23.96 22.57 68.0 9197 43.5 631 99.5 49.99 48.48
+ OBCACHE-KEY 2822 3971 5344 5498 44.12 30.24 27.96 24.37 22.73 685 9118 42.58 631 99.5 50.18 48.61
+OBCACHE-JOINT ~ 28.69 382 5392 5533 44.1 30.35 27.63 24.38 22.6 67.5 91.75 43.16 631 99.5 49.46 485
H20 289 3596 5173 55.63 44.3 29.69 29.39 24.04 23.03 475 91.27 42.31 631 99.5 50.1 48.46
+OBCACHE-VALUE 2878  37.19 5251 55.0 45.19 30.49 29.34 24.32 233 480 9177 4271 6.56  99.5 5143 479
+ OBCACHE-KEY 28.36 3741 5265 54.98 44.82 29.87 29.17 24.38 23.31 50.0 91.74 428 631 99.5 51.34 4838
+OBCACHE-JOINT 2826 3842 5347 5538 44.92 29.99 29.11 24.23 23.09 48.5 91.44 42.66 631 99.5 5145 4822
o TOVA 2747 3383 5288 5379 41.74 29.57 28.94 23.61 2271 620 9159 422 631  99.5 4434 417
| +OBCACHE-VALUE 27.15 3442 5238  54.54 4222 30.47 28.92 23.59 23.02 625  91.39 42.67 631 99.5 4441 427
§ + OBCACHE-KEY 2752 3509 52.09 53.8 42.42 30.14 28.85 23.63 23.06 620  91.39 424 631  99.5 4536 43.05
| +OBCACHE-JOINT  27.11 3497 5229 5435 4239 30.14 29.03 23.56 23.05 620  91.83 42.16 631  99.5 44.87 4245
SnapKV 28.39 4219 5374 5542 43.93 30.44 29.86 24.51 23.86 705 91.74 42.46 631 99.5 5222 48.64
+OBCACHE-VALUE 29.19 41.86 53.95 55.43 44.54 29.94 29.76 24.77 23.64 69.0  91.73 43.18 631  99.5 52.06 49.04
+ OBCACHE-KEY 2953 4271 5481 55.24 44.65 30.13 29.85 24.37 24.11 69.5 91.91 429 631 99.5 52.14 48.63
+OBCACHE-JOINT 2878 409 5408 5525 44.34 30.51 29.79 24.33 23.87 69.5 91.56 432 6.56 99.5 52.55 49.19

D.3 LONGBENCH FULL TABLES
Due to space constraints, we present the full table results of LongBench in Table 4 and Table 5]
E IMPLEMENTATION OF OBCACHE

We provide a code implementation of OBCACHE in pseudo PyTorch style, as illustrated in Algo-
rithm[T]and Algorithm[2] These two algorithms demonstrate the computation of OBCACHE saliency
scores and the cache eviction operation in the prefill phase.
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Table 5: LongBench results for Qwen-2.5-7B-Instruct.

Single-Document QA Multi-Document QA Summarization Few-shot Learning Synthetic Code
! < > L 0 O > ™ .
Methods \A&QP» @%Qa o \eﬂ“ \“\@‘Q ,,;ﬂ"“:\“\ “N"s&o Go&gve @\5\‘6‘ @\\“‘\ﬁz < QS’C “_\{@Q gb‘l‘b\’ QC°“° RV an,?
ALL KV 29.16 4324 5294 5887 48.15 3106 3265  23.65 2422 725 8928 4551 85 1000 58.23 65.28
H20 2799 3224 4215 5291 433 27.25 24.61 2259 1784 360 8706 4432 9.0 100.0 4561 56.48
+OBCACHE-VALUE 2832 33.12 4353 527 42.62 2568 2498 2282 1833 360 869 44.0 9.0 100.0 45.63 57.01
+ OBCACHE-KEY 282 3249 4291  53.82 42.62 2688 2527 2276 1838 365 8738 4378 9.0 1000 44.57 57.06
+ OBCACHE-JOINT  28.15 3253 4502  53.52 43.94 28.2 25.1 23.01 1828 360 8774 444 9.0 100.0 45.59 56.95
TOVA 2107 2632 3687 510 3878 29.6 237 2014 1709 360 870 448 9.0 100.0 41.09 4524
Z| +OBCACHE-VALUE 230 2732 3591 5166 40.14 29.01 2388 2143 17.13 395 8707 4458 9.0 1000 44.03 46.58
§| +OBCACHE-KEY 2293 2752 3506 5167 4027 2952 2391 2127 1726 415 8705 4476 9.0 100.0 43.06 46.88
+OBCACHE-JOINT  23.24  27.09 3647 5118 39.53 29.7 2407 2119 1722 390 8749 4489 9.0 1000 44.1 46.39
SnapKV 29.19 3657 5176 556 46.56 3023 2509 2295 1723 680 8737 4369 9.0 1000 4598 58.74
+OBCACHE-VALUE 2896 3773 5136 55.55 45.94 3098 2504 2275 1749 685  87.6 4335 9.0 1000 468 59.42
+ OBCACHE-KEY 299 3688 5105 5508 4536 3047 2537 2242 174 650 8741 4343 9.0 1000 47.88 59.72
+OBCACHE-JOINT 2882 3684 4992  55.65 455 3059 2529 222 1771 665 8623 4432 90 100.0 47.62 59.63
H20 2848 3671 4576  52.66 4373 28.8 2654 22.84 192 395 8834 4509 9.0 1000 53.24 61.41
+OBCACHE-VALUE 2899 3628 4695  53.93 44.89 292 2721 2275 19.65 395 885 4534 9.0 1000 53.81 61.05
+OBCACHE-KEY ~ 29.13 3537 4624  55.02 46.21 29.4 2749 2297 1962 390 8886 4.5 9.0 100.0 5417 61.23
+ OBCACHE-JOINT 2923 3646 4643 5501 44.16 2906  27.04 2274 1974 400  89.08 4543 9.0 1000 53.72 61.1
.| TOvA 2596 3133 4137 529 4287 3031 2615 2184 1834 540 87.13 4524 90 100.0 4549 43.63
| +OBCACHE-VALUE 2728 3221 4126 5336 44.01 2948 2621 21.93 184 570 8703 4571 9.0 1000 4535 48.77
8| +OBCACHE-KEY 262 3062 43.15  53.87 41.72 2939 2634 2182 1876 560 87.13 4546 9.0 100.0 45.99 51.34
T| +OBCACHE-JOINT 27.07 3165 41.02 5354 4275 2926 2634 2193 1842 550 8716 4566 9.0 1000 45.75 49.94
SnapKV 2843 3888 503  57.49 4691 3117 2691 1899 685 8872 4493 90 1000 5455 622
+OBCACHE-VALUE 28.16 3838 5096  56.47 47.12 3196  27.25 1936 69.0 8828 4486 9.0 100.0 54.74 61.79
+ OBCACHE-KEY 294 3892 5109  57.06 45.69 3076 27.22 1931 685 8892 4451 9.0 100.0 54.94 62.28
+OBCACHE-JOINT 2921  39.87 5137 5721 45.83 314 27.15 1906 680  89.24 45.0 9.0 100.0 54.82 62.31
H20 30.08 3793 4947 5556 46.0 2978 28.83 2073 450 8935 4516 9.0 1000 564 6334
+OBCACHE-VALUE 29.41  39.05 4972 5599 47.33 30.15 29.42 2088 460 8893 4569 9.0 100.0 56.81 63.39
+OBCACHE-KEY ~ 29.06 3879 4861  55.62 46.1 3037 29.06 2134 480 8948 4571 9.0 1000 5698 63.6
+OBCACHE-JOINT 2946 392  50.15 5645 46.67 3002 29.29 2093 475 8932 4561 9.0 100.0 57.48 63.5
.| TOvA 2867 3562 47.05 5538 4275 2924 29.04 2039 660 887 4582 9.0 1000 49.63 53.97
| +OBCACHE-VALUE 2875 3594 4748  56.03 4435 2957 2931 2021 67.0 8951 4569 9.0 100.0 49.79 5529
S| +OBCACHE-KEY 2834 36.14 4746 5629 4438 3006 2897 2062 670 89.15 4523 9.0 1000 5023 555
| +OBCAcHE-JOINT 285 3686 47.81 56.18 44.66 29.6 29.0 2029 660 89.01 4584 9.0 1000 50.51 5533
SnapKV 29.67 4108 5098  57.92 46.97 3102 29.07 2053 710 89.09 4525 9.0 100.0 57.18 63.32
+OBCACHE-VALUE 2859 4077 5146  57.64 46.7 31.13 29.22 2064 700 89.09 4484 9.0 1000 57.13 63.54
+OBCACHE-KEY 2926 40.19 5172 57.34 46.03 3137 2932 2102 700 8899 4486 9.0 1000 57.53 63.7
+OBCACHE-JOINT 2938 4114 5117 57.39 45.82 3137 2946 2061 705 8915 45.11 9.0 100.0 57.55 63.78
7 T .
Algorithm 1 Implementation of OBCACHE score update in pseudo PyTorch style.
# key_states/value_states: cache matrix (bsz, num_heads, kv_len, head_dim);

# A/Z: attention weight/logit matrix (bsz, num_heads, q len, kv_len);

# O: attention output matrix (bsz,
# w: perturbation window start index;

def obcache_score (key_states,

#
A =A[..., -w:,
z2 =2[..., -w:,
O =0[..., —w:,
#
S

i1
:]
|

value_states,
Target only the perturbation window

num_heads,

Compute accumulated attention-based score
_attn based = A.pow(2) .sum(-2)

### Existing cache eviction scores (e.g.,

# Compute
V_2norm =

# Compute
O_2norm =

VmO_2norm

key-pruning score

value-pruning score
value_states.pow(2) .sum(dim=-1)
S_value = S_attn * V_2norm

O.pow(2) .sum(dim=-1)
VO = torch.einsum(’bhqgd, bhpd->bhqgp’,

o, V)
= O_2norm.unsqueeze (-1) + V_2norm.unsqueeze (-2)

q len,

S _key = ((A * Z) .pow(2) * VmO_2norm) .sum(dim=-2)

# Compute joint-pruning score

VVmO = V_2norm.unsqueeze (-2)

S_joint =

return S_attn_based, S_value,

- VO

head_dim) ;

A, Z, O, w):

- 2 % VO

(2 » A.pow(2) * Z x VVmO) .sum(dim=-2) + S_value + S_key

S_key,

S_joint

H20 and TOVA) end here ###
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Algorithm 2 Implementation of OBCACHE cache eviction in pseudo PyTorch style.

# S: cache eviction saliency score matrix
# num _hh / num_ recent:
# num_coming: number of maximum tokens to
def evict_kv (S, key_states, wvalue_states,
bsz, num_heads, kv_len, head dim
cutoff kv_len - num_recent + num_com:

salient token positions
torch.topk(S[..., :cut
keep_topk_idx.unsqueez

# Select most
keep_topk_idx
keep_topk_idx

# Evict and keep recent
k_hh = torch.gather (key_states[..., :c
k_compress torch.cat ([k_hh, key_stat

v_hh torch.gather (value_states][...,
v_compress torch.cat ([v_hh, value_st

return kfcompress, v_compress

(bsz, num_heads, kv _len);

cache budget allocated for recent and heavy-hitter tokens;

come in next step;

num_hh, num_recent, num coming):

value_states.shape

ing

num_hh, dim=-1) [1].sort () .values
-1, -1, head_dim)

off],
e(-1) .expand (-1,

utoff, :], dim=-2, index=keep_topk_idx)
es[..., cutoff:, :]1], dim=-2)

:cutoff, :], dim=-2, index=keep_ topk_idx)
ates[..., cutoff:, :]], dim=-2)
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