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ABSTRACT

While Large Language Models (LLMs) can theoretically support extensive con-
text windows, their actual deployment is constrained by the linear growth of
Key-Value (KV) cache memory. Prevailing compression strategies mitigate this
through various pruning mechanisms, yet trade-off semantic recall for memory
efficiency. In this work, we present LASER-KV (Layer Accumulated Selection
with Exact-LSH Recall), a framework designed to test the limits of KV compres-
sion under a strict accumulative budgeting policy. We deviate from the standard
fixed summary size approach by implementing a block-wise accumulation strat-
egy governed by a protection divisor (n). This allows us to isolate the effects
of compression from sliding window artifacts. Our experiments on the Babilong
benchmark reveal performance degradation in previous compression methods by
15–30% on various long context tasks. LASER-KV maintains stable performance,
achieving superior accuracies by a margin of upto 10% at 128k. These findings
challenge the prevailing assumption that attention scores alone are a sufficient
proxy for token utility.

1 INTRODUCTION

Long context applications of Large Language Models (LLMs) (Radford et al., 2018) are currently
limited by the physical constraints of deployment. The quadratic complexity of attention and linear
KV cache growth strain the GPU VRAM. This often exceeds memory limits, even on high-end hard-
ware. This necessitates compression strategies that maintain fixed memory budgets, i.e., fixed token
budgets. However, current approaches that utilize sliding windows (Xiao et al., 2024b) or selective
eviction operate under a trade-off. By aggressively pruning tokens to fit consumer-grade hardware,
they tend to discard critical context, which causes a deterioration in accuracy. This prevents reliable
generation in complex, multi-step reasoning tasks.

This analysis highlights the limitations of the current compression paradigm. We demonstrate that
relying solely on attention scores makes long-context reasoning difficult, establishing the practical
boundaries of reliable long-term LLM memory. To address this, we introduce LASER-KV (Layer
Accumulated Selection with Exact-LSH Recall). Our contributions are:

• Unlike recursive methods that degrade historical context, we propose an accumulative,
append-only memory mechanism governed by a protection divisor (n) that strictly isolates
compression from sliding window artifacts.

• We challenge the assumption that attention scores alone are sufficient for token selection
by introducing an Exact-LSH policy, combining attention scores with Locality Sensitive
Hashing (LSH) (Chen et al., 2024) to recover structurally critical tokens. Our experiments
on the Babilong (Kuratov et al., 2024) benchmark validate this approach: while standard
policies degrade significantly at 64k+ tokens, LASER-KV maintains stability up to 128k.

∗Equal contribution.
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2 BACKGROUND

To address memory constraints, recent works have proposed selective retention strategies that prune
the cache based on attention sparsity. SnapKV (Li et al., 2024) and H2O (Zhang et al., 2023) identify
that attention heads consistently focus on specific “heavy hitter” tokens, while methods like Quest
(Tang et al., 2024) dynamically estimate token criticality based on the current query. Similarly,
PyramidKV (Cai et al., 2025) allocates larger cache budgets to lower layers where attention is widely
scattered, and smaller budgets to higher layers where information is concentrated.

Moving beyond static budgets, FINCH (Corallo & Papotti, 2024) introduces recursive compression
to manage long contexts. It processes text in chunks, using Top-K selection to forward only high-
scoring KV pairs. However, relying solely on immediate attention scores is greedy. While it captures
tokens relevant to the current query, it often discards data critical for future context. Other methods,
such as InfLLM (Xiao et al., 2024a), offload context to external memory, but this increases latency
because of the newly introduced retrieval overhead which was not present in legacy methods.

3 METHODOLOGY

We construct LASER-KV (Layer Accumulated Selection with Exact-LSH Recall) to systematically
improve the limitations of long-context recall under strict memory constraints. During the prefilling
phase, our framework uses an accumulative budget to retain relevant tokens per block. Only the
selected tokens are kept in the KV cache and are further used for the decoding phase. Previous
techniques maintain a fixed-size summary after each iteration. This design highlights how static
block-level retention impacts performance compared to maintaining a full KV cache. It specifically
isolates the impact of token selection strategies.
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Figure 1: The LASER-KV Selection Pipeline. The input context is divided into blocks. Our Exact-
LSH mechanism then selects tokens using two criteria: Exact Attention for heavy hitters and LSH
for high-recall safety, to form the compressed cache.

3.1 BUDGET ALLOCATION VIA THE PROTECTION DIVISOR

A core conflict in KV compression is maintaining the balance between recent tokens and historical
tokens that carry long-range semantic relevance. We manage this trade-off through a single hyper-
parameter, the protection divisor n. It serves as an explicit control variable that governs generation
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stability versus long-term recall capacity. Smaller values of n increase the proportion of tokens re-
served for syntactic stability (i.e., anchors and local window), while larger values allocate more bud-
get to long-term memory. In our experiments, we set n = 4, which induces a quarter–quarter–half
allocation between global anchors, local window tokens, and recall memory. This partitioning is
consistent with empirically validated attention-guided eviction strategies such as SAGE-KV (Wang
et al., 2025), while remaining compatible with our accumulative memory formulation. Given a
per-block budget B, n determines the cache partition boundaries.

• The Syntactic Set (2B/n): We reserve B/n tokens for Global Anchors. These preserve
initial tokens to maintain attention sinks (Xiao et al., 2024b). We also reserve B/n for a
Local Sliding Window. This helps maintain grammatical coherence.

• Recall Budget (B − 2B/n), denoted as Blong: The remaining capacity is allocated to the
Long-Term Memory Pool. We use our Exact-LSH selection policy for this allocation.

3.2 BLOCK PROCESSING AND BOUNDARY SMOOTHING

We process the context in sequential blocks (Acharya et al., 2025; Corallo & Papotti, 2024). Bound-
ary artifacts can occur and tokens at the edge of a block may be dropped because they lack subse-
quent context during scoring. We implement a look-back strategy to prevent this (Figure 1). The
scoring window for the block Bt is expanded to include the tail of Bt−1 (Jiang et al., 2024). This
ensures that bridging tokens are evaluated with sufficient local context before pruning occurs.

3.3 EXACT-LSH SELECTION ALGORITHM

We hypothesize that reliance on a single metric creates brittle memory. Metrics like attention score
exhibit sparse spikes. These spikes often miss supporting tokens that are structurally relevant but
not currently attended to. We employ our Exact-LSH selection policy (Algorithm 1) to mitigate this.

Precision (Global Consensus): We sum attention scores across all layers and heads (Wang et al.,
2025). This helps preserve tokens that are critical to specific heads (such as Induction heads (Olsson
et al., 2022)). Retention occurs even if other heads ignore these tokens. This has a time complexity
of O(Lq · |C| · dh), where Lq is the query length and dh is the head dimension.

Recall (MagicPIG): We utilize Locality Sensitive Hashing (LSH) for the remaining budget. We
adopt the probabilistic scoring from MagicPIG (Chen et al., 2024). This approach ranks tokens
by their theoretical hash collision probability with the query. It captures structural similarity that
exact attention often misses. This acts as a high-recall safety net. This introduces a scalable cost of
O(|C| ·R · dh) for R hash rounds, with a minimal space overhead of O(|C| ·R).

This precision–recall decomposition is particularly important under our accumulative policy, where
selection decisions are not revisited and early pruning errors cannot be corrected in later blocks.

Algorithm 1 Exact-LSH Selection Policy
1: Input: Query Q, Candidate Set C, Budget Blong, Ratio α ∈ [0, 1], Hash Functions {hr}Rr=1

2: Output: Selected Token Indices K
3: Sexact(k)←

∑L
l=1

∑H
h=1 Attnl,h(Q, k) ∀k ∈ C

4: Kexact ← TopK(C, score = Sexact, k = αBlong)
5: Cresidual ← C \ Kexact

6: Slsh(k)← 1
R

∑R
r=1 1[hr(Q) = hr(k)] ∀k ∈ Cresidual

7: Klsh ← TopK(Cresidual, score = Slsh, k = (1− α)Blong)
8: return Kexact ∪ Klsh

4 EXPERIMENTS

We evaluated the performance of LASER-KV against several state-of-the-art baselines on the Ba-
bilong (Kuratov et al., 2024) long-context benchmark. We analyze the model’s ability to retrieve
single facts, chain multiple supporting facts, and handle complex argument relations across varying
context lengths (16k, 64k, and 128k).
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4.1 EXPERIMENTAL SETUP AND TASKS

We use Llama-3.1-8b-Instruct (Meta AI, 2024) for all the evaluations for 16k and 64k context
lengths. However, the model has a 128k context limit, and to avoid truncating any samples, we used
Llama-3-8b-Instruct-Gradient-1048k (Gradient AI, 2024) to evaluate the method at 128k, which re-
lies on frequency scaling techniques similar to YaRN (Peng et al., 2023) to maintain coherence at
extreme lengths. For further details, refer to Appendix A and B

4.2 RESULTS AND ANALYSIS

We evaluate different Exact-LSH settings (Table 1) at a 16k context length to establish a comparison
among them. LASER-KV was also compared to the baseline performance of Llama-3.1-8b-Instruct
and the original MagicPIG configuration in our framework. Based on these results, a hybrid of
Exact(0.75) and MagicPIG(0.25) was selected for comparison on longer context lengths against
state-of-the-art KV compression methods.

Method QA1 QA2 QA3 QA5 QA6
Full Attention 58% 19% 33% 90% 68%
FINCH 51% 24% 25% 85% 63%
PyramidKV 40% 17% 14% 78% 80%
SnapKV 34% 17% 13% 75% 78%
Exact 49% 20% 31% 89% 57%
MagicPIG 12% 2% 11% 35% 28%
Exact+MP(0.25) 53% 15% 31% 88% 58%
Exact+MP(0.5) 53% 15% 32% 89% 56%
Exact+MP(0.75) 54% 18% 31% 91% 59%

Table 1: Accuracies of base model (Llama-3.1-8b-Instruct) and previous methods versus various
combinations of LASER-KV at 16k context length (MP stands for MagicPIG), the highlighted num-
bers are the best for that particular task according to our experiments.

Context Length: 64k Context Length: 128k
Method QA1 QA2 QA3 QA5 QA6 QA1 QA2 QA3 QA5 QA6
Full Attention 24% 6% 21% 72% 51% 31% 6% 15% 80% 55%
FINCH 22% 8% 13% 44% 45% 0% 0% 0% 0% 0%
PyramidKV 16% 13% 25% 72% 70% 25% 10% 19% 84% 59%
SnapKV 7% 1% 15% 51% 36% 22% 5% 19% 84% 57%
LASER-KV 25% 9% 31% 87% 48% 38% 7% 25% 84% 66%

Table 2: Performance on context lengths of 64k (Llama-3.1-8b-Instruct) and 128k (Llama-3-8b-
Instruct-Gradient-1048k ), the highlighted numbers are the best for that particular task according to
our experiments. For LASER-KV, we keep Exact+MP(0.75) based on results from Table 1

Stability at Extreme Lengths. The most critical finding emerges at the 128k context length (Ta-
ble 2), where methods such as PyramidKV maintain performance, but FINCH collapses entirely to
0% across all evaluated tasks. Although several state-of-the-art methods remain competitive with
LASER-KV at shorter context lengths, LASER-KV demonstrates that it significantly outperforms
them in long-context settings. This stability can be attributed to the structural design i.e, the accu-
mulative, append-only policy which prevents early pruning errors from compounding across blocks,
avoiding the irreversible information decay characteristic of recursive Top-K approaches. The pro-
tection divisor ensures a non-vanishing local window that preserves short-range coherence under ag-
gressive compression and the hybrid Exact-LSH selection mitigates the greedy bias of attention-only
pruning by explicitly reserving recall capacity for structurally similar tokens which is an important
property for multi-hop reasoning tasks in Babilong, where supporting facts may not be attended.

4



5 CONCLUSION

Our results with LASER-KV demonstrate that attention scores alone are an insufficient proxy for
token utility in long contexts. By implementing a protection divisor (n) to stabilize the local window
and a novel Exact-LSH policy that integrates Locality Sensitive Hashing (LSH), we successfully
recover structurally critical tokens often discarded by greedy pruning.

On the Babilong benchmark, LASER-KV maintains performance stability even at 128k tokens.
It notably outperforms baselines like SnapKV and FINCH, which suffer significant degradation
beyond 64k. These findings suggest that moving toward hybrid, structure aware selection is essential
for maintaining reliable long-term memory in Large Language Models.

6 FUTURE WORK

While our hybrid LASER-KV approach helps stabilize performance, we acknowledge that our cur-
rent evaluation is bounded by computational constraints, preventing exhaustive validation across a
wider array of benchmarks and variable context lengths. Consequently, the sharp decline observed
in baseline methods highlights that building sustainable, long-term memory remains a difficult and
open challenge for the community.
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A BABILONG BENCHMARK TASK DESCRIPTIONS

To rigorously evaluate long-context retrieval and reasoning capabilities, we utilize the Babilong
benchmark. This suite consists of various synthetic Question Answering (QA) tasks designed to
test specific aspects of memory retention, logical chaining, and deduction over extended sequences.
Table 3 provides a detailed summary of the specific tasks employed in our experiments, including
the reasoning type required and examples of the query structure. Each task consists of 100 samples.

Table 3: Detailed descriptions of Babilong tasks. Each task targets a specific reasoning capability,
ranging from single-fact retrieval to complex multi-hop deduction and state tracking.

Task ID Task Name Description & Reasoning Requirement

QA1 Single Supporting Fact Fact Retrieval. The model must locate a single specific
fact hidden within the context to answer the query.
Example: “Where is Mary?” → “In the kitchen.”

QA2 Two Supporting Facts Multi-hop Reasoning. Requires chaining two separate
pieces of information. The model must find an inter-
mediate entity to locate the target.
Example: “Where is the football?” (implied: Who had
it last? → Where are they now?)

QA3 Three Supporting Facts Complex Chaining. A higher-order multi-hop task re-
quiring the retrieval and synthesis of three distinct facts
to derive the correct conclusion.

QA5 Three Argument Rela-
tions

Complex Relations. Requires reasoning over relational
dependencies among three entities. The model must
track and integrate multiple interrelated facts to resolve
relative positions or interactions.

QA6 Yes/No Questions Verification. The model must affirm or negate a state-
ment based on the strict presence or absence of sup-
porting facts in the context history.

B CONFIGURATIONS

For all evaluations on the Babilong benchmark, we used a compression ratio of r = 0.25. A block
size of Sblock = 4096 tokens was used for evaluations on context lengths of 16k, with the notable
exception of FINCH, for which the block size was set to 1024 tokens following the original imple-
mentation. Subsequently, the block size was maintained at 4k for context lengths of 64k and 128k
across all compression methods. The protection divisor n was set to 4 for all experiments.

To ensure fair comparison across variable block sizes and context lengths, the effective memory
budget Bglobal for the accumulative policy was calculated using the harmonic mean of the block size
and total context length, scaled by the compression ratio (where T represents the context length):

Bglobal =

⌊
2 · r · Sblock · T
Sblock + T

⌋
(1)

The total memory budget Bglobal is evenly divided between all blocks. Throughout the paper, when
we refer to the block budget B, we mean the per-block allocation derived from Bglobal.
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