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Abstract

Long-context inference is increasingly limited
by the memory and access cost of the key-
value (KV) cache. Existing KV cache com-
pression methods face a fundamental trade-off
between efficiency and information preserva-
tion. Eviction-based methods are efficient but
may discard critical tokens, whereas low-rank-
based methods preserve all tokens at the cost
of substantial computational overhead. We pro-
pose HachiWare, a dual-branch framework that
applies one-shot selective SVD to semantic-
critical cache states while handling less critical
states with lightweight eviction. It stores these
states in a Semantic-Critical Branch (SCB) us-
ing low-rank factors, while assigning the re-
maining states to an Eviction Branch (EB) for
cheaper eviction. During decoding, bounded
active-cache refresh selectively reconstructs
only active SCB entries, avoiding reconstruc-
tion of the full SCB cache. On the RULER
benchmark with Llama-3.1-8B-Instruct, Hachi-
Ware incurs only a 3% accuracy drop compared
with the full KV cache baseline at a KV cache
compression ratio of up to 16 x, while improv-
ing accuracy by 5% over existing compression
methods. For decoding efficiency, HachiWare
achieves up to 9.44x and 16.50x throughput
speedups over Full KV at 64K and 128K con-
text lengths. These results highlight selective
allocation of reconstructability as an effective
way to improve the accuracy—efficiency trade-
off of KV cache compression.

1 Introduction

The key-value (KV) cache enables efficient autore-
gressive decoding by reusing past attention states.
However, its memory footprint grows with context
length, batch size, model depth, and the number of
KV heads, making KV cache storage and access a
major bottleneck in long-context inference (Kwon
et al., 2023; Liu et al., 2024a; Yuan et al., 2024).
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Figure 1: Prefilling latency normalized to Full KV on
Llama-3.1-8B-Instruct using an NVIDIA A6000 GPU.
At 8K context length, XKV and ShadowKYV reach 4.4 x
and 7.9x Full KV latency, while HachiWare remains
at 1.8x. The 16K result shows the same trend, with
HachiWare staying closer to Full KV by applying SVD
selectively rather than to the full KV cache. Full 8K-
64K latency results are provided in Appendix C.10.

KV cache compression methods reduce differ-
ent aspects of this bottleneck. Quantization re-
duces cache precision (Liu et al., 2024b; Hooper
et al., 2024; Kang et al., 2024; Yang et al., 2024b),
but its compression is bounded by the accuracy
and outlier-handling constraints of low-bit stor-
age. Query-aware selection methods such as
Quest (Tang et al., 2024) reduce decoding-time
access by selecting an active subset, but leave the
stored cache representation largely intact. These
directions are complementary to methods that re-
duce stored KV states. Among existing approaches,
KV cache eviction (Zhang et al., 2023; Liu et al.,
2023; Xiao et al., 2024; Li et al., 2024; Cai et al.,
2025; Qin et al., 2025; Wan et al., 2025; Feng et al.,
2025) is the most direct: it retains only selected KV
states and discards the rest, reducing both memory
usage and attention computation. However, evic-
tion is irreversible: once a KV state is removed,
later decoding steps cannot recover it. This issue
becomes more pronounced when KV caches are
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Figure 2: Conceptual comparison of KV cache reduc-
tion strategies. Eviction is efficient but irreversible,
while full-cache SVD is reconstructable but costly.
HachiWare uses dual-branch selective SVD to allo-
cate reconstructable low-rank storage only to semantic-
critical heads and applies cheaper eviction to the rest.

reused across turns or requests. SCBench (Li et al.,
2025) evaluates such shared-context settings and
shows that discard-based methods may lose effec-
tiveness in multi-turn scenarios, where later turns
can depend on information removed earlier.

Low-rank KV cache compression based on Sin-
gular Value Decomposition (SVD) offers the com-
plementary property missing from eviction: recon-
structability. Palu (Chang et al., 2025) uses low-
rank projection to cache compressed intermediate
states and reconstruct full keys and values on the fly,
ShadowKYV (Sun et al., 2025) maintains a low-rank
key cache and reconstructs states for attention, and
xKV (Chang et al., 2026) applies cross-layer SVD
to grouped KV caches. Unlike eviction, low-rank
compression preserves a compact approximation
from which KV states can later be reconstructed, re-
ducing the risk of permanently losing useful cache
information.

However, reconstructable low-rank storage
comes with non-negligible factorization and recon-
struction overhead. SVD-based methods must de-
compose large cache matrices during the prefilling
stage and reconstruct KV states during decoding.
This observation motivates selective SVD, which
applies low-rank compression only to selected por-
tions of the KV cache. Figure 1 shows that selec-
tive SVD keeps SVD-related prefill overhead much
lower than broader low-rank baselines.

The next question is how to decide which cache
states should receive reconstructable storage. Prior
head-level KV cache methods show that cache
policies and budgets need not be uniform across
heads (Xiao et al., 2025; Tang et al., 2025; Fu et al.,
2025). Retrieval-head studies further identify atten-
tion heads that play a disproportionate role in long-
context factual retrieval (Wu et al., 2025). Building
on this direction, CompressKV (Lin et al., 2025b)
introduces semantic retrieval scores to identify at-
tention heads that are more effective at attending to
semantically important information in the context.
The selected heads are further used to guide KV
cache eviction.

Figure 2 summarizes stored-cache reduction
strategies. Eviction-based methods, as illustrated in
Figure 2(a), are computationally efficient but may
discard important information. Low-rank-based
methods, as shown in Figure 2(b), can better pre-
serve key information but incur substantial addi-
tional latency. In contrast, HachiWare performs
one-shot selective SVD in a dual-branch design,
as shown in Figure 2(c). HachiWare uses offline
semantic retrieval scores to identify heads with
stronger answer-relevant retrieval behavior. The
KV cache of these high-score heads is assigned
to the Semantic-Critical Branch (SCB) and jointly
compressed using SVD-based low-rank compres-
sion to preserve critical token information. The
remaining KV cache is assigned to the Eviction
Branch (EB), where a lightweight eviction strat-
egy is applied. By applying SVD only once to
the SCB cache, HachiWare reduces the scope of
prefilling-stage factorization and decoding-time re-
construction while preserving reconstructability for
semantic-critical cache states.

During decoding, bounded active-cache refresh
further reduces reconstruction overhead by recon-
structing only the active SCB entries needed for
attention, avoiding reconstruction of the full SCB
cache.

We evaluate HachiWare on LLaMA (Grattafiori
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et al., 2024) and Mistral (Jiang et al., 2023; Mistral
Al, 2024) models with the RULER (Hsieh et al.,
2024) benchmark. At a 16x KV cache compres-
sion ratio, HachiWare outperforms prior methods
by 5% in accuracy while incurring only a 3% accu-
racy drop compared with the full KV cache base-
line. For efficiency, HachiWare achieves up to a
16.5x decoding-throughput speedup over full KV
cache inference. These results show that Hachi-
Ware effectively reduces memory usage and accel-
erates decoding while maintaining strong model
performance.
Our key contributions are:

* We propose HachiWare, a one-shot selective
SVD framework that stores the SCB cache
with reconstructable low-rank factors while
using cheaper eviction for the EB cache.

* We introduce bounded active-cache refresh
for efficient decoding over heterogeneous
SCB/EB storage, reducing runtime reconstruc-
tion and selection overhead.

¢ We validate HachiWare across retrieval, rea-
soning, and efficiency evaluations, showing
strong high-compression accuracy with re-
duced prefill and decoding overhead.

We discuss additional related work on KV cache
compression and head-aware cache policies in Ap-
pendix D.

2 Preliminaries

HachiWare uses the semantic retrieval score intro-
duced by CompressKV (Lin et al., 2025b) as an
offline head-level importance signal. Section 3.1
aggregates these scores into KV-head semantic re-
trieval scores: higher-scoring KV heads enter the
SCB for reconstructable storage, while the remain-
ing heads enter the EB and are initialized during
prefilling using CompressKV’s token-eviction rule.
Details are provided in Appendix A.1.

2.1 Semantic Retrieval Score

An answer span is the contiguous segment of text
in the context that contains the ground-truth an-
swer. CompressKV assigns each attention head a
semantic retrieval score by accumulating its atten-
tion mass over the answer span when the model
generates answer tokens. Unlike retrieval-head cri-
teria based on exact top-attention hits (Wu et al.,
2025), this score credits heads that attend to the full

answer-relevant span even when their maximum
attention does not fall on a single answer token.
Let Aspan denote the reference answer span used
during offline identification. At decoding step ¢, y;
is the generated token, and a%h) is the attention
weight assigned by head h in layer £ to token po-
sition j. Following CompressKV, the semantic

retrieval score is

> oagt

D
st = O Ilye € Aspan]
t= 1 J E-Aspan

where D is the number of decoding steps used for
offline identification and I[-] is the indicator func-
tion. A larger s?h indicates that head h more con-
sistently allocates attention mass to answer-relevant
span positions when generating answer tokens.

The reference answer span is used only for of-
fline identification. Once computed, the semantic
retrieval scores are fixed and reused during infer-
ence without answer spans, task-specific labels, or
per-input scoring; profiling details are provided in
Appendix A.1.

3 Method

To reduce the overhead of reconstructable KV
cache compression, HachiWare applies one-shot
selective SVD to semantic-critical cache states and
cheaper eviction to the rest.

This framework consists of three components,
summarized in Figure 3: (1) branch assignment,
which forms the Semantic-Critical Branch (SCB)
cache and the Eviction Branch (EB) cache; (2) SCB
cache factorization, which applies SVD once to
the SCB cache during the prefilling stage; and (3)
bounded active-cache refresh, which uses anchor
heads to construct one shared ordered list across
layers and selectively reconstructs only active SCB
entries during decoding.

3.1 Semantic-Critical Branch Construction

Branch assignment determines which cache states
receive reconstructable low-rank storage, as shown
in Figure 3. Because KV cache storage is organized
by KV heads, HachiWare assigns cache states at the
KV-head level: states associated with selected KV
heads enter the SCB cache, while the remaining
states enter the EB cache.

We use the offline semantic retrieval scores sgh
(Eq. 1) as fixed measures of answer-relevant re-
trieval behavior. Since these scores are produced
by query-head attention distributions, we aggregate
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Figure 3: Overview of HachiWare. (1) Branch assignment uses KV-head semantic retrieval scores to form the SCB
cache and EB cache. (2) During prefilling, the SCB cache is concatenated and factorized once by SVD, while the
EB cache is initialized by the token-retention rule adapted from CompressKV. (3) Active-cache refresh constructs
the bounded active cache for decoding: anchor heads build a shared ordered list from Q-K affinity scores, and
K positions are selected with sink/recent tokens always included. SCB entries are selectively reconstructed from
low-rank factors, while EB entries are gathered from retained exact states. The initial refresh is applied at the end of
the prefilling stage and then repeated every I decoding steps.

them to KV-head semantic retrieval scores for stor-
age decisions. For KV head m in layer ¢, let Qg ,,
denote the query heads sharing this KV head. Un-
der standard multi-head attention (MHA) (Vaswani
etal., 2017), |Q¢ | = 1; under grouped-query at-
tention (GQA) (Ainslie et al., 2023), multiple query
heads may share one KV head. We define

St = |Q7m| > s 2)

hte,m

This reduces to s?h under standard MHA and aver-
ages over shared query heads under GQA.

Since these scores are precomputed, branch as-
signment does not require a reference answer span
or task-specific label at inference time. Given an
SCB routing budget, KV heads with the highest
KV-head semantic retrieval scores form the SCB
cache, whose states receive one-shot selective SVD.
The remaining KV heads form the EB cache, which
is initialized using the token-retention rule adapted
from CompressKV.

3.2 One-Shot Selective SVD
3.2.1 SCB Cache Factorization

This step corresponds to the prefilling-stage SCB
factorization in Figure 3. After branch assignment,
HachiWare applies SVD only to the SCB cache,
while the EB cache is not factorized. The factor-
ization is one-shot: it is performed once during
the prefilling stage, and the resulting SCB factors
are reused throughout decoding rather than recom-
puted at each step. The low-rank representation
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Figure 4: Granularity comparison of SVD in differ-
ent frameworks. (a) Per-layer SVD factorizes each
layer separately. (b) xKV applies cross-layer group-
wise SVD (Chang et al., 2026). (c) HachiWare applies
one-shot selective SVD only to the concatenated SCB
cache, yielding a shared factor A and head-wise blocks
B;, while the EB cache is not factorized.

stores the SCB cache using a shared token basis A
and head-wise reconstruction blocks B;, enabling
selective reconstruction during decoding.

Figure 4 compares this factorization granularity
with prior SVD-based designs. Layer-wise SVD
factorizes each layer separately, while cross-layer
SVD factorizes fixed layer groups (Chang et al.,
2026). In contrast, HachiWare applies SVD only to
the SCB cache, avoiding full-cache factorization.

We next define the factorization shown in Fig-
ure 4(c) for a generic SCB cache matrix X. Let M
be the number of KV heads assigned to the SCB.
For the i-th such KV head, let X; € RE%h de-
note its prefilling-stage cache matrix, where L is
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the prefilling sequence length and d, is the head
dimension. The SCB cache matrices are concate-
nated along the head dimension, yielding a width
of Mdj,, while keeping token positions aligned:

X = [X; Xy - Xy] e REMI - (3)
A rank-r SVD approximation is stored as
X ~ A[By By -+ By, 4)

where A € REX" is a shared token basis and each
B; € R ig the reconstruction block for the
t-th KV head assigned to the SCB. This factoriza-
tion does not assume that KV heads from different
layers share the same representation space: each
assigned KV head keeps its own block B;, while
A captures token-side correlations in the concate-
nated SCB cache.

This storage form supports selective reconstruc-
tion during decoding: selected token rows are gath-
ered from A first and multiplied only with the re-
quired B; blocks, avoiding reconstruction of the
full SCB cache. Section 3.3 describes how these
selected entries are chosen during decoding.

3.2.2 Low-Rank Structure of the SCB Cache

When a few singular directions capture much of
the matrix energy, low-rank approximation can ef-
fectively compress a matrix. Therefore, rather than
factorizing caches at individual layers or nearby
layer groups as in common SVD-based KV com-
pression designs, HachiWare constructs the SCB
cache by globally selecting KV heads according
to their semantic retrieval scores, decoupled from
layer proximity.

We analyze the rank sensitivity of different pre-
RoPE K-cache grouping approaches with Llama-
3.1-8B-Instruct on the RULER multi-query Needle-
in-a-Haystack task (Hsieh et al., 2024). Fig-
ure 5 compares the SCB with Random, xKV-style,
and ShadowKV-style grouping alternatives under
matched compression rates. The SCB grouping
retains more cumulative explained variance than
the alternatives, indicating stronger singular-value
energy concentration and better suitability for low-
rank approximation.

These results indicate that SCB routing yields a
cache matrix with stronger shared low-rank struc-
ture, supporting SVD-based compression. Because
the selected heads are identified by shared answer-
relevant attention patterns, their cache represen-
tations exhibit consistent token-side retrieval be-
havior, yielding a structurally coherent SCB cache
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Figure 5: Rank sensitivity of different pre-RoPE K-
cache groupings. Cumulative explained variance mea-
sures retained singular-value energy under matched
compression rates. SCB uses the top-32 KV heads
ranked by KV-head semantic retrieval scores; Random,
xKV-style, and ShadowKV-style provide global-random,
nearby-layer, and per-layer grouping baselines. The
SCB grouping retains more variance than the alterna-
tives.

matrix that is well-suited for low-rank SVD approx-
imation. Appendix B.2 provides the CKA analysis
and rank-sensitivity protocol.

3.3 Active-Cache Refresh for Decoding

The Active-Cache Refresh module in Figure 3 sum-
marizes the decoding-time procedure. Although
selective SVD already reduces the reconstruction
scope, reconstructing the full SCB cache at every
decoding step would still introduce substantial over-
head. HachiWare therefore maintains a bounded
active cache: only active SCB entries are recon-
structed from low-rank factors, while active EB
entries are gathered from retained exact states.
The active cache is refreshed every I decoding
steps. Ateach refresh point, HachiWare updates the
active set under budget x; between refresh points,
newly generated KV states are kept active until the
next refresh. Thus, token selection, SCB recon-
struction, and EB gathering occur only at refresh
points and are amortized across the I-step interval.
To keep refresh lightweight, HachiWare con-
structs one shared ordered list of token positions
rather than ranking tokens separately for every
layer. A small set of anchor heads, selected once
from the SCB KV heads after branch assignment,
produces this ordering from key-cache affinity
scores. The ordered list is reused across layers for
active-cache selection, with sink and recent tokens
always included following Streamingl.LLM (Xiao
et al., 2024). Appendix A.4 provides pseudocode
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and attention-recovery analysis.

4 [Experiments

4.1 Experimental Setup

Models and inference. The main evaluation uses
Llama-3.1-8B-Instruct (Grattafiori et al., 2024) and
Mistral-7B-Instruct-v0.3 (Jiang et al., 2023; Mis-
tral Al, 2024). Llama-3.1-8B-Instruct is evaluated
at 64K context length, and Mistral-7B-Instruct-
v0.3 is evaluated at 32K context length. All ex-
periments use bf16 precision and greedy decoding.
Appendix C.7 provides supplementary results on
Qwen2.5-7B-Instruct-1M (Yang et al., 2025) and
Qwen?2.5-14B-Instruct (Yang et al., 2024a), where
the comparisons are restricted to stored-cache com-
pression baselines.

Benchmarks. Our main long-context benchmark
is RULER (Hsieh et al., 2024), which covers
retrieval, multi-hop tracking, frequent word ex-
traction, and question-answering tasks. The pri-
mary metric is the simple average over evaluated
RULER subtasks. To assess behavior beyond
single-turn long-context retrieval, we also include
5-shot GSM8K (Cobbe et al., 2021) for reasoning
robustness and multi-turn Needle-in-a-Haystack
(NIAH) (Kamradt, 2023) for retrieval robustness
when future queries change.

Baselines. We compare HachiWare with
representative KV cache reduction baselines:
xKV (Chang et al., 2026), the closest low-rank
KV cache compression baseline; PyramidKV (Cai
et al., 2025) and SnapKV (Li et al., 2024), token-
eviction baselines; KIVI (Liu et al., 2024b), a
quantization baseline; and Quest (Tang et al., 2024)
and ShadowKYV (Sun et al., 2025), whose memory
savings involve runtime selection or offloading
rather than only stored-cache' compression.

Implementation details. We use MInference im-
plementations (Jiang et al., 2024) for PyramidKYV,
SnapKV, KIVI, and Quest, with an observation
window of 8 for PyramidKV and SnapKV to match
HachiWare’s eviction window. For HachiWare, we
route 32 KV heads to the SCB and include 4 sink
tokens and 16 recent tokens within the active-token

!Stored-cache compression measures the KV representa-
tion actually kept after prefilling. This differs from the GPU-
side reduction of Quest and ShadowKYV, whose savings come
from runtime selection or offloading rather than an equiva-
lently compressed stored KV representation.

budget . Additional hyperparameters are provided
in Appendix A.3.

Compression metrics. Comp. denotes the com-
pression ratio of the stored KV cache representation
after prefilling and serves as the primary accuracy-
table metric. Gray parentheses report effective
GPU-side cache reduction for Quest and Shad-
owKV. Appendix A.2 details memory accounting,
including HachiWare’s auxiliary-buffer-inclusive
compression and measured peak GPU allocation.

4.2 Long-Context RULER Results

Tables 1 and 2 report the main RULER results
on Llama-3.1-8B-Instruct and Mistral-7B-Instruct-
v0.3, with full Mistral per-task results deferred to
Appendix C.2. The main comparison emphasizes
the speed-oriented I = 32 setting, which is also
used in the efficiency study. Across both models,
HachiWare preserves strong long-context accuracy
under aggressive stored-cache compression.

On Llama-3.1-8B-Instruct, HachiWare gives the
strongest accuracy—compression trade-off in both
compression regimes. With [ = 32, it achieves
90.12 average RULER accuracy at 8.55% stored-
cache compression, close to the FullKV average
accuracy of 92.30 and above all compressed base-
lines. At 16.04x stored-cache compression, the
same speed-oriented setting preserves 88.99 aver-
age RULER accuracy, substantially higher than the
16 eviction baselines. The I = 2 results are simi-
lar, indicating that the Llama gains do not rely on a
more frequent refresh schedule.

On Mistral-7B-Instruct-v0.3, the I = 32 setting
remains effective despite less frequent active-cache
refresh. At 8.29x stored-cache compression, it
achieves 78.34 average RULER accuracy, within
0.5 points of xKV-4 and Quest and above the token-
eviction, quantization, and ShadowKYV baselines.
At 16.58x stored-cache compression, it obtains
71.01 average RULER accuracy, substantially out-
performing the 16 x PyramidKV and SnapKV re-
sults. The I = 2 rows provide an accuracy-oriented
reference, reaching 82.66 average RULER accu-
racy at 8.29x compression and 81.41 at 16.58 X
compression; this refresh-interval trade-off is ana-
lyzed further in Appendix C.9.

As a larger-model check, Appendix C.7 also re-
ports RULER results on Qwen2.5-14B-Instruct at
64K context length. HachiWare achieves 80.70
average RULER accuracy at 7.12x stored-cache
compression, outperforming SnapKV and xKV-4
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Method | Comp. | N-SI N-S2 N-S3 N-MKI N-MK2 N-MQ N-MV QA-1 QA2 VT FWE | Avg
FullKV | 100 |100.00 100.00 10000 100.00 91.66 100.00 98.69 8229 60.41 97.91 8437 | 92.30
KIVI-2 7.10 100.00 9791 7395 9479 6562 9375 8697 8229 54.16 81.66 84.02 | 83.19
xKV-4 8.03 100.00 9791 6250 9895  91.66 9427 9296 77.08 5729 87.29 77.43 | 85.21
PyramidKV 8.00 100.00 10000 78.12 100.00  90.62 9921 98.69 8333 5729 9541 63.19 | 87.81
SnapKV 8.00 100.00 98.95 8229 100.00 8645 9973 9791 8333 5833 9500 65.62 | 87.96
Quest 1.00 (8.00) | 100.00 100.00 85.41 100.00  89.58 100.00 97.39 8333 5833 87.70 84.02 | 89.61
ShadowKV 1.83(9.08) | 100.00 100.00 100.00 100.00 91.66 9791 96.61 8229 60.41 65.00 74.30 | 88.02
HachiWare;—o 8.55 100.00 100.00 98.95 100.00 9270 99.73 9739 8125 61.45 91.87 62.50 | 89.62
HachiWare;_ 3> 8.55 100.00 100.00 100.00 100.00 91.66 99.73 96.61 8333 5833 9291 68.75 | 90.12
PyramidKV 16.00 100.00 98.95 3854 100.00 77.08 9921 97.91 8333 5833 9458 60.76 | 82.61
SnapKV 16.00 100.00 9895 53.12 100.00  76.04 98.95 98.17 84.37 5833 9437 60.76 | 83.91
HachiWare;—o 16.04 100.00 100.00 98.95 100.00  88.54 9947 9635 8229 5833 90.83 67.01 | 89.25
HachiWare;—s- 16.04 100.00 100.00 93.75 100.00 88.54 9947 9791 8125 5833 87.08 72.56 | 88.99
HachiWare;—3> | 34207 | 100.00 9791 8333 9583 8645 97.65 9557 7499 6770 8229 5833 | 85.46

Notes. N-S, N-MK, N-MQ, and N-MV denote Needle single-key, multi-key, multi-query, and multi-value tasks. Gray
parentheses denote effective GPU-side cache reduction for Quest and ShadowKV. t denotes a stress-test setting beyond the main

8X/16x regime.

Table 1: Main RULER results on Llama-3.1-8B-Instruct at 64K context length. Comp. denotes representation-
level compression of the stored KV cache; gray parentheses denote effective GPU-side cache reduction for

selection/offloading baselines.

Method 8 X regime 16 X regime
Comp. Avg Comp. Avg.
FullKV 1.00 86.36 - -
KIVI-2 7.10 58.89 - -
xKV-4 8.27 78.82 - -
PyramidKV 8.00 69.58 16.00 58.21
SnapKV 8.00 69.49 16.00 58.50
Quest 1.00 (8.00) 78.63 - -
ShadowKV 1.82 (9.02) 76.25 - -
HachiWare;_—> 8.29 82.66 16.58 81.41
HachiWare;—_32 8.29 78.34 16.58 71.01

Notes. Gray parentheses denote effective GPU-side cache
reduction for Quest and ShadowKV.

Table 2: Average RULER results on Mistral-7B-Instruct-
v0.3 at 32K context length. Full per-task results are
provided in Appendix C.2.

at comparable compression.

4.3 Cross-Task Robustness

Table 3 evaluates robustness beyond the single-turn
long-context setting. It exposes complementary
weaknesses of the two baseline compression styles:
xKV preserves multi-turn retrieval well, reaching
98.43 average NIAH accuracy, but drops sharply to
29.57 GSMBK accuracy; PyramidKV and SnapKV
maintain stronger GSM8K accuracy at 75.28, but
degrade in multi-turn retrieval, reaching 56.45 and
14.37 average NIAH accuracy.

HachiWare gives the best balance across the two
settings. It maintains 72.78 GSMS8K accuracy at
3.97 x stored-cache compression and reaches 98.12
average multi-turn NIAH accuracy at 8.28 x stored-
cache compression, yielding the best compressed-

GSM8K Multi-turn NIAH

Method Mean
Comp. Acc. Comp. Avg.

FullKV 1.00  78.77 1.00 100.00  89.39

xKV-4 4.01 29.57  8.03 98.43  64.00

PyramidKV ~ 4.01 75.28  8.00 56.45  65.87

SnapKV 4.01 75.28  8.00 1437 4483

HachiWare 397 7278  8.28 98.12 8545

Notes. GSM8K reports 5-shot accuracy; Multi-turn NIAH
reports the five-turn average. For HachiWare, GSM8K uses
I = 4 and Multi-turn NIAH uses I = 32. Mean averages
only GSM8K Acc. and Multi-turn NIAH Avg.

Table 3: Reasoning and multi-turn retrieval robust-
ness on Llama-3.1-8B-Instruct. GSMS8K is evalu-
ated at approximately 4 x compression, and multi-turn
NIAH at approximately 8 x compression. Comp. de-
notes representation-level compression of the stored KV
cache.

method mean accuracy of 85.45. This pattern is
consistent with the SCB/EB design: the recon-
structable SCB cache helps preserve information
useful for future queries, while the EB cache avoids
the severe reasoning degradation observed under
broader low-rank compression.

Appendix C.3 further broadens the evaluation
to LongBench tasks covering long-document QA,
multi-hop QA, summarization, retrieval, and code.
At 14.40x stored-cache compression, HachiWare
achieves 52.19 average score, within 2.71 points
of FullKV.

4.4 Robustness to Compression Scaling

To test whether the gains persist beyond the main
8x/16x regimes, we sweep the stored-cache com-
pression ratio on representative RULER subtasks
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Figure 6: Compression scaling on representative RULER subtasks with Llama-3.1-8B-Instruct. HachiWare remains
more stable under aggressive stored-cache compression, especially on retrieval-heavy subtasks. The dashed line

denotes Full KV performance.
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Figure 7: Decoding throughput on Llama-3.1-8B-Instruct at 64K and 128K context lengths using a single NVIDIA
A6000 48GB GPU. HachiWare uses the speed-oriented 16x, I = 32 setting. ShadowKV and HachiWare use the
same active-token budget £ = 2048. All measurements use FlashAttention-2 for attention computation; ShadowKV
additionally uses its provided runtime kernel. Higher is better; OOM denotes out-of-memory settings.

with Llama-3.1-8B-Instruct. Figure 6 compares
HachiWare with SnapKV and xKV-4, using Full
KV as the uncompressed reference. The stress-test
row in Table 1 provides a full-average check: at
34.20x, HachiWare retains 85.46 accuracy, above
the 16 eviction baselines and slightly higher than
xKV-4 at 8.03 x.

HachiWare outperforms both SnapKV and xKV-
4 across the evaluated subtasks at high compression
ratios. SnapKV remains strong on some token-
eviction-friendly cases such as N-MV, but degrades
on other retrieval settings under aggressive com-
pression; xKV-4 also drops when the fixed low-
rank budget becomes too restrictive. In contrast,
HachiWare maintains higher accuracy across N-S3,
N-MK2, N-MYV, and FWE. These results indicate
that maintaining a reconstructable SCB cache while
using cheaper eviction for the EB cache is more
robust under tight stored-cache budgets than pure
token eviction or fixed low-rank grouping.

4.5 Efficiency Studies

Figure 7 reports decoding throughput on Llama-3.1-
8B-Instruct at 64K and 128K context lengths using
a single NVIDIA A6000 48GB GPU. We use the
speed-oriented 16 <, I = 32 setting of HachiWare,
with refresh-interval throughput reported in Ap-
pendix C.10.3. This setting is accuracy-competitive
with ShadowKYV in Table 1. For a fair decoding
comparison, ShadowKV and HachiWare use the
same active-token budget x = 2048.

At the largest feasible batch sizes under the same
GPU memory limit, HachiWare reaches about 406
tokens/s at 64K and 363 tokens/s at 128K, yielding
9.44x and 16.50x largest-feasible-batch serving-
throughput speedups over FullKV, respectively.
This comparison captures the serving-capacity ben-
efit of KV cache compression: the reduced memory
footprint allows HachiWare to support substantially
larger batches on the same GPU, whereas FullKV
reaches OOM at smaller batch sizes.

The decoding gains come from selective recon-
struction and bounded active-cache refresh: Hachi-
Ware limits low-rank reconstruction to the SCB
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cache and amortizes selection and reconstruction
across multiple decoding steps. Appendix C.10.2
further isolates these costs using an xKV-SR di-
agnostic, while Appendix A.2 reports auxiliary-
buffer-inclusive memory accounting and measured
peak GPU allocation. Together with Figure 1, these
results show that HachiWare reduces both SVD-
related prefill overhead and decoding-time recon-
struction overhead while enabling higher serving
throughput under the same GPU memory limit.

5 Conclusion

We proposed HachiWare, a one-shot selective SVD
framework for KV cache compression. Through
its dual-branch design, HachiWare applies SVD
only to the SCB cache and uses cheaper eviction
for the EB cache, balancing efficiency and infor-
mation preservation. Compared with broader low-
rank methods, it limits prefilling-stage factoriza-
tion and decoding-time reconstruction overhead
while preserving reconstructability for semantic-
critical cache states. Bounded active-cache refresh
further enables efficient decoding over heteroge-
neous SCB/EB storage without reconstructing the
full SCB cache. Experimental results demonstrate
that HachiWare achieves substantial acceleration
while maintaining model performance, even under
aggressive KV cache compression.

Limitations

HachiWare focuses on compressing the prefilling-
stage KV cache. During decoding, newly generated
KV states are kept in the active cache but are not
incrementally folded back into the one-shot low-
rank SCB representation. Very long generation
lengths may therefore benefit from additional pe-
riodic recompression. HachiWare also relies on
offline semantic retrieval scores for branch assign-
ment. These scores are fixed after profiling and
require no answer spans, task labels, or per-input
scoring during inference. However, a separate pro-
file is required for each backbone, and sensitivity
to substantially different profiling or downstream
distributions remains to be further studied. Finally,
our current evaluation does not include an end-to-
end integration with serving frameworks such as
vLLM/PagedAttention. The block-granular experi-
ment in Appendix C.6 verifies that HachiWare can
operate with block-aligned selection units, while
system-level integration with mechanisms such as
continuous batching and prefix caching is left for

future work.

Potential risks. HachiWare improves the effi-
ciency of long-context LLM inference by reducing
KV-cache memory and access costs. Such effi-
ciency improvements may lower the computational
barrier for deploying long-context language mod-
els, and may therefore amplify risks already associ-
ated with the underlying models, such as incorrect,
biased, privacy-sensitive, or unsafe generation in
downstream applications. HachiWare does not in-
troduce new training data, collect user data, or add
new generation capabilities beyond more efficient
inference. Deployments should follow the safety,
privacy, and content-moderation practices required
for the underlying model and application.
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A Method and Implementation Details

Our implementation builds on an Apache-2.0-
licensed codebase, and all external models, bench-
marks, and baseline implementations are used un-
der their respective licenses and terms of use.

A.1 Offline SRH Identification Details

Query-head semantic retrieval scores are obtained
by reproducing the offline identification protocol
of CompressKV (Lin et al., 2025b). This step is
performed before evaluation and produces fixed
query-head semantic retrieval scores. It is not per-
formed on the evaluation examples of the main
benchmarks, and no reference answer span is ac-
cessed during inference.

For each backbone model, offline identification
prompts are used to collect attention weights dur-
ing generation. When the generated token belongs
to the reference answer span, the attention mass as-
signed by each query head to the full answer span
is accumulated according to Eq. (1). This follows
the SRH criterion of CompressKV, which scores
heads by answer-span attention mass rather than
requiring an exact top-1 attention hit on a single
answer token.

The resulting profile is a table of query-head se-
mantic retrieval scores {sgh} for each backbone
model. These scores are fixed after offline identifi-
cation and reused for all downstream inputs. Hachi-
Ware does not update semantic retrieval scores dur-
ing decoding and does not recompute them per
input.

The precomputed scores are used in two places.
First, Section 3.1 aggregates query-head scores into
KV-head semantic retrieval scores for SCB/EB
routing. Second, the Eviction Branch follows
the SRH-driven token-eviction interface of Com-
pressKV: within each layer, high-scoring SRH
query heads selected by s?h provide the atten-
tion patterns used to computf; token-level retention
scores for initializing the exact EB cache during
prefill-stage cache preparation.

Unless otherwise specified, the SRH-driven
eviction settings follow CompressKV (Lin et al.,
2025b). HachiWare-specific hyperparameters used
in the main experiments are reported in Ap-
pendix A.3.

A.2 Compression and Runtime Memory
Accounting

Representation-level compression. For
accuracy—compression comparisons, we define the
reported compression ratio as

where Memy,; is the size of the full-precision pre-
filling KV cache and Memgy,eq is the size of the
stored compressed representation after prefilling.

For stored-cache compression methods,
Memygtoreq counts the compressed KV cache
representation kept after prefilling. For token-
eviction methods, it counts the retained exact KV
states. For quantization methods, it counts the
quantized KV representation. For selection-only
methods such as Quest, Memgioreqa = Memgy,
and therefore Comp. = 1.00x.

HachiWare stored representation. Let b denote
the number of bytes per stored element, S the pre-
filling sequence length, d; the head dimension,
Liayer the number of transformer layers, and Hyy
the number of KV heads per layer. The full prefill-
ing KV cache size is

Memfuﬂ = 2b5dhLlayerHKV7

where the factor 2 accounts for keys and values.

HachiWare routes Mgc KV heads to the
Semantic-Critical Branch. In all main experiments,
Msc = 32. The SCB stores pre-RoPE keys and
values using separate low-rank factors. With key
rank r g and value rank 7y, the stored SCB memory
is

Memgcp = bTK(S+Mscdh)+bTV(S—I—Mscdh).

The first term counts the key-side factors, and the
second term counts the value-side factors.
The remaining

Mgp = Liayer Hkv — Msc

KV heads form the Eviction Branch. With active
selection budget «, which is also used as the initial
EB prefill retention budget, the stored EB memory
is

MemEB = QbKMEBdh.

Thus, the HachiWare compression ratio reported in
the tables is

Comp B Memyy
HW Memgcp + Memgp .
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Method Stored KV KV w/ Aux.  Stored Comp. Comp. w/ Aux. Peak GPU (BS=1) Peak GPU (BS=2)
FullKV 8.00 GiB 8.00 GiB 1.00x 1.00x 23.04 GiB 31.07 GiB
HachiWare 0.50 GiB 0.59 GiB 16.04 x 13.50x 15.93 GiB 16.85 GiB

Table 4: Memory accounting for Llama-3.1-8B-Instruct at 64K under the 16 x HachiWare configuration. Stored KV
reports the prefilling KV representation, while KV w/ Aux. additionally includes the auxiliary buffers used by the
runtime fast path. Peak GPU allocation is measured during decoding and includes the full runtime allocation.

Model Target Comp. SCB heads  Anchor heads K TK rv  Stored Comp. Comp. w/ Aux.
Llama-3.1-8B 8x 32 4 4096 1536 2304 8.55x 7.54x%
Llama-3.1-8B 16x 32 4 2048 864 1296 16.04x 13.50x
Llama-3.1-8B Stress 32 4 1024 384 576 34.20x 25.64x
Mistral-7B-v0.3  8x 32 2 2048 1536 2304 8.29x 7.56%
Mistral-7B-v0.3 16X 32 2 1024 768 1152 16.58x 14.68 x

Table 5: HachiWare configurations used in the main experiments. Target Comp. denotes the intended stored-cache
compression regime. Stored Comp. reports the representation-level compression ratio after prefilling. Comp. w/
Aux. additionally includes HachiWare’s auxiliary runtime buffers described in Appendix A.2. « is the active
selection budget per KV head after each refresh. rx and ry are the SVD ranks for the pre-RoPE key and value

caches.

Auxiliary runtime buffers. The representation-
level compression ratio above counts only the
stored compressed representation after prefilling.
For runtime efficiency, HachiWare additionally ma-
terializes auxiliary buffers that trade memory for
speed.

First, HachiWare caches the anchor-key states
used for shared ordered-list construction. This
avoids reconstructing anchor keys from the SCB
factors at every refresh boundary. If M, anchor
key heads are selected, this buffer has size

Memanchor = bManchh'

In our experiments, My, = 4 for Llama-3.1-8B-
Instruct and My, = 2 for Mistral-7B-Instruct-
v0.3.

Second, after each active-cache refresh, Hachi-
‘Ware materializes the selected reconstructed SCB
entries and reuses them until the next refresh. This
avoids reconstructing SCB entries at every decod-
ing step. For one cache type, this buffer is propor-
tional to

bMgckdy,.

When both reconstructed keys and values are mate-
rialized, the corresponding buffer size is

2bMgckdy,.

These auxiliary buffers are not included in the
representation-level Comp. metric. They are in-
stead part of the runtime memory—speed trade-off
and are discussed in the efficiency analysis.

Runtime memory validation. Table 4 reports
memory usage for the Llama-3.1-8B-Instruct 64K
16x configuration used in the main efficiency study.
The stored HachiWare KV representation occupies
0.50 GiB, compared with 8.00 GiB for FullKV. In-
cluding the auxiliary runtime buffers increases this
to 0.59 GiB, an overhead of only 0.09 GiB. The
corresponding stored-cache and auxiliary-inclusive
compression ratios are 16.04x and 13.50 %, respec-
tively. Measured peak GPU allocation during de-
coding also remains lower than FullKV at the same
batch sizes.

A.3 Implementation Details

HachiWare hyperparameters. For both back-
bone models, HachiWare uses an SCB routing bud-
get of 32 KV heads. The KV heads routed to the
SCB are selected globally by the KV-head seman-
tic retrieval scores in Eq. (2). The selected SCB
KV heads are concatenated along the head/feature
dimension and factorized by one-shot SVD, as de-
scribed in Section 3.2. Pre-RoPE keys and values
are factorized separately, and all configurations use
a 2:3 key/value SVD rank ratio.

Table 5 lists the HachiWare configurations used
in the main experiments. The active-token bud-
get x denotes the number of selected historical
token positions per KV head immediately after
each refresh. The reported compression ratio is
the representation-level stored-cache compression
ratio defined in Appendix A.2.
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Baseline hyperparameters. For PyramidKV,
SnapKV, KIVI, and Quest, we use the MIn-
ference implementations and keep their default
implementation-specific settings unless stated oth-
erwise. For PyramidKV and SnapKV, we use an
observation window size of 8 to match the SRH-
driven eviction observation window used in Hachi-
Ware.

For ShadowKYV accuracy evaluation, we use an
offloading-free simulation of the algorithmic cache
representation, since value offloading changes de-
vice placement and runtime behavior but does
not change the numerical attention result. The
compression-matched ShadowKYV configurations
use budget/rank/chunk-size/outlier-chunk values
of 2048/108/8/48 for Llama-3.1-8B-Instruct and
1024,/108/8/24 for Mistral-7B-Instruct-v0.3.

Intended use of artifacts. All existing artifacts
are used for standard research evaluation of effi-
cient LLM inference. The models are used for
inference-only evaluation, the benchmarks are used
for their intended evaluation purposes, and the
baseline implementations are used to compare KV-
cache compression and efficient inference methods
under matched settings. We do not use the artifacts
for deployment, user-facing decision making, or
data collection.

A.4 Active-Cache Refresh Details

This appendix provides the details behind the
active-cache refresh mechanism summarized in
Section 3.3. We first describe how anchor key
heads are selected after SCB routing, then define
the shared ordered list used at refresh points, and fi-
nally give the refresh procedure and bounded-cache
complexity.

A.4.1 Anchor-Head Selection

Anchor selection is performed after SCB routing.
Let M?C denote the KV heads in layer ¢ that have
been routed to the Semantic-Critical Branch. Since
the shared ordered list used during decoding is
computed from a single layer, anchor key heads are
selected as a same-layer subset of the SCB. This
keeps the ordered-list construction overhead small
while ensuring that the ordering signal comes from
semantic-critical KV heads.

For each layer with non-empty M?C, we first
sort its SCB KV heads by their KV-level semantic
retrieval scores sﬁi. We then apply a relative gap
rule to obtain a cofnpact candidate set. Specifically,

Algorithm 1 Adaptive Anchor Key Head Selection

Require: SCB KV-head sets {MJC};

KV-head semantic scores sﬁé;

gap ratio v;
anchor bounds 7min, max
Ensure: anchor layer £,; anchor key heads M?"¢
> Track the best anchor layer
1 S —o0
2: for each layer ¢ with M3C # () do
3: Hy + Sort) (M3, SEXL)
> Keep a top prefix close to the strongest
head

4: /Vllgeep < GapPrefix(Hy, s*V, v, nmax)
5: if \M?eep\ < Npin then
6: continue
7: end if
> Score by weakest kept head and anchor
count
8: wy WeakestScore(Ml;eep, sKV)

9: Szmc — Wy / |M§eep|
10: if S87° > GANC then

. anc anc
11: Shesi < 57
12: by ¥

. anc keep
13: MR — M,
14: end if
15: end for

16: return £,, M?"¢

GapPrefix returns the longest top prefix of the
sorted head list, capped by nyax, whose scores are
at least v times the top score. Layers with fewer
than n,,;, retained heads are discarded, so that the
shared ordering does not rely on a single isolated
high-scoring head.

Among the remaining layers, we select the an-
chor layer using a robust layer score. For a retained

candidate set M ,°P, the score is

Sphe = WeakestScore(./\/llgeep, s5V)y/ \./\/llgeep\.

)

The weakest-score term favors layers whose re-
tained anchors are consistently strong, while the
square-root term gives a sub-linear bonus to lay-
ers with multiple retained anchors. The layer with
the largest S is chosen as the anchor layer, and
its retained heads become the anchor key heads.
Algorithm 1 summarizes this selection procedure.
The selected anchor key heads are used only to
construct the shared token ordering during runtime
refresh. Value states are not used in this scoring; the
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ordering is derived from query—key affinity scores
of the selected anchor key heads and is then reused
across layers. In our experiments, the procedure
selects four anchor key heads for Llama-3.1-8B-
Instruct and two anchor key heads for Mistral-7B-
Instruct-v0.3.

A.4.2 Shared Ordered-List Construction

At each refresh point, when the runtime active
cache is updated, we sort the available token posi-
tions Z into a shared ordered list. Here, Z denotes
all token positions currently available to attention.

For the initial refresh at the end of prefilling, we
use the last prefill token’s query at the anchor layer
{,, as the selector query. For later refreshes, we
use the current decoding-step query at the anchor
layer. The selector query is paired with post-RoPE
anchor-key states over Z to score the available to-
ken positions.

Let M2"¢ denote the anchor key heads. For each
anchor key head m € M?®*", let Qy, ,, denote
the query heads in the anchor layer that share this
key head. We write Qz}ffm € RlCt.mlxdn for the

selector queries of these query heads, and K o €
RIZI*dn for the corresponding post-RoPE anchor-
key states over Z.

For each anchor key head m, we compute query—
key affinities:

~ T
P — Qi (Ks,) @)

Here, pim) ¢ R'Qfa’m‘xm, with one row per as-
sociated query head and one column per available
token position.

For each j € 7, we average affinities first over
query heads sharing each anchor key head, then
over anchor key heads:

1 1 (m)
PJ—|Manc| Z 190, m| Z Ph,j

meManc h€Quq,m

(7
Following StreamingL. LM (Xiao et al., 2024),
sink and recent tokens are always retained as
mandatory runtime states. We enforce this by lift-
ing their ordering scores above all other candidates
before sorting. Sorting Z by p in descending order
yields Z°'4, with sink/recent indices placed first so
they are included under the s-entry selection.

A.4.3 Refresh from the Shared Ordered List

Active-cache refresh avoids reconstructing the full
SVD-compressed SCB during decoding. At each

refresh point, HachiWare uses the shared ordered
list to select token entries, reconstructs only the
selected SCB entries from low-rank factors, and
gathers selected EB entries from retained exact KV
states. These selected entries form the runtime
active cache used for attention.

At the end of prefilling and at later refresh points,
the runtime active cache is refreshed from the
shared ordered list Z°*4. For the SCB, selected
entries are reconstructed from the low-rank factors.
For the EB, selected entries are gathered from the
current feasible exact cache. Immediately after pre-
filling, the EB feasible set is initialized by the prefill
eviction rule. At later refresh points, it may include
EB states retained from the previous refresh, newly
decoded states, and mandatory sink/recent states.

For consistency with Eq. (4), let B, collect the
right blocks B; whose routed SCB KV heads be-
long to layer £. If layer ¢ has no routed SCB head,
By is empty. For the EB, let IEB denote the feasi-
ble token indices of layer ¢ at the current refresh
point, and let CEB denote the corresponding exact
KV states.

In Algorithm 2, Z° N IEB denotes order-
preserving filtering: entries are kept in the order
of Z°4  while indices not contained in IéEB are
removed. The active-token budget « controls the
number of entries selected from the resulting or-
dered list.

Algorithm 2 summarizes the active-cache refresh
procedure and outputs the runtime active cache
C3°* for each layer. For compactness, the algorithm
omits separate key/value notation; in implementa-
tion, refresh is applied to the corresponding key
and value representations, and RoPE is recomputed
only for reconstructed key states. Between refresh
points, newly generated KV states are added to the
active cache and kept until the next refresh.

A.4.4 Bounded Active Cache and Complexity

The active-token budget x in Algorithm 2 controls
the number of historical token positions kept per
KV head after each refresh. The same « is used for
SCB selection and EB selection during refresh, and
also sets the initial EB prefill retention size after
SRH-driven eviction. Sink and recent tokens are
included in this x-entry selection through the score
lifting described above.

Immediately after a refresh, each KV head at-
tends to « selected historical token positions from
its branch. Between refresh points, newly gener-
ated KV states are added to the active cache and
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Algorithm 2 Active Cache Refresh

Require: Z°'9, active-token budget x;
SCB factors A, {By};
current feasible EB caches {CF'B}
with token indices {Z;"®}
Ensure: runtime active caches {Cj'}
> Select SCB token indices
1: J5€ « FirstK(Z°, k)
> Gather selected rows of A
2: Age < Gather(A, 75°)
for each layer ¢ do
> Reconstruct selected SCB cache entries

»

4: if layer ¢ contains SCB KV heads then
5: C3C  MatMul(Agq, Br)

6: else

7: C3C 0

8: end if

> Select EB token indices
9 JFB « FirstK(Zo N IFB, k)
> Gather selected EB cache entries
10:  CPB « Gather(CFB, 7FB)
> Merge branches for attention
1: C « Merge(CyC,CPB)
12: end for
13: return {C°'}

remain active until the next refresh. With refresh in-
terval I, the active token count per KV head ranges
from & to at most x + I.

Additional work occurs only at refresh points.
7°"4 is recomputed from anchor query—key scores
over Z, which is dense over the available token po-
sitions but restricted to the anchor key heads in the
anchor layer. Once Z°'¢ is available, active-cache
refresh reconstructs only the selected SCB entries
and gathers selected exact EB entries. These costs
are amortized across the I-step refresh interval.

B Analysis Protocols

B.1 Attention Recovery Protocol

Figure 8 measures how well the bounded active
cache of HachiWare preserves the full-cache at-
tention distribution. This appendix describes the
protocol.

Setup. We first produce a decoded token stream
with a full-KV reference run, then use this same
stream to teacher-force (i) a HachiWare pass with
active selection budget « and (ii) a full-KV oracle
replay. At each decode step ¢, let Z; denote the

m K =4096 k=2048 mmk=1024
1.0
Refresh, | =32
g === Fixed Selection
< 0.9
c
©
-

[} .8 ~
2 0.8 n.~~~~
x TS s———e,
© 0.7 1
pu—
o
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0 20 40 60 80 100 120

Decode step

Figure 8: Effect of active-cache refresh on prefix-
mean nARR for RULER NIAH-S3 with Llama-3.1-8B-
Instruct. Solid lines refresh active-token selection every
I = 32 decoding steps; dashed lines keep the initial
selection fixed. Periodic refresh stabilizes attention re-
covery, while fixed selection degrades. nARR is normal-
ized by a same-budget Full-KV oracle.

token positions available to attention, including
prefill positions and previously decoded positions,
and let J; C Z; denote the active token selection
in force for the KV head being evaluated at step ¢.
In Algorithm 2, this corresponds to 75¢ for SCB
heads and jEEB for EB heads. The selection is held
fixed between two refresh points.

For each layer and KV head, the oracle replay
produces a post-softmax attention distribution over
T:, GQA-averaged over the query heads sharing
that KV head. We write ;. for one such distribu-
tion, with ) | jer, @t,j = 1. The metrics below are
defined on a single attention distribution «y ., then
averaged across all layers, KV heads, and evalua-
tion samples for the final report.

Attention recall. At step ¢, the attention recall
rate ARR; is the oracle mass captured by the active
selection, and the normalized recall nARR; divides
it by the best top-k mass under the same oracle
distribution and budget:

ARRt = Z OétJ, (8)
JET:
ARR;

ZjETopKkt () Yt.j

nARR; = , ki = | Tt

€))

Here, TopK, (+) returns the indices of the k largest
entries. The normalization in Eq. (9) removes the
dependence on the inherent peakiness of oy ., plac-
ing nARR; in [0, 1]: a value of one means that 7;
covers as much oracle attention mass as an oracle
top-k; selection at step ¢.
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Figure 9: Pairwise CKA analysis of selected K-cache
blocks on the pre-RoPE K-cache. SCB denotes the
top-32 KV heads ranked by KV-head semantic retrieval
scores, while Random denotes 32 KV heads sampled
from all layers. Each axis indexes the selected K-cache
blocks, and warmer values indicate stronger token-side
representation alignment. The SCB grouping shows
stronger pairwise alignment than Random.

Prefix mean. nARR; fluctuates within each re-
fresh interval: it is highest at a refresh point and
can decay as more decoding steps are taken under
the same frozen selection. Since each decoded to-
ken conditions on all preceding ones, generation
quality reflects the accumulated recall over the de-
coded prefix rather than its instantaneous value. We
therefore report the prefix mean

t
5 1
nARR; =~ > nARR,.

=1

(10)

which cancels intra-interval oscillation and reflects
the average recall accumulated from the start of

decoding through step t. Figure 8 plots nARR;
against ¢ for several active selection budgets «.

B.2 SCB Structure Analysis Protocol

This appendix provides additional analysis and pro-
tocol details for the SCB structure study in Sec-
tion 3.2. Pairwise CKA in Figure 9 compares SCB
with Random to assess token-side representation
alignment. Rank sensitivity in Figure 5 compares
SCB, Random, xKV-style, and ShadowKV-style
groupings to assess singular-value energy reten-
tion.

B.2.1 Pairwise CKA Analysis

Figure 9 shows that the SCB grouping has stronger
pairwise CKA than Random, indicating greater
token-side representation alignment among the se-
lected K-cache blocks. This supports the main-text
rank-sensitivity result: SCB routing forms a cache
matrix with stronger shared structure and is more
amenable to one-shot SVD.

B.2.2 Pairwise CKA Protocol

This appendix describes the protocol behind Fig-
ure 9.

Per-head representation. For each prefilling
forward pass on the Multi-Query NIAH task
from RULER with Llama-3.1-8B-Instruct, we
cache the per-layer KV tensors K™, K™ 'V, €
RNexxHivxLxdn where N, is the number of eval-
uation examples, Hkv is the number of KV heads
per layer, L is the prefilling sequence length, and
dy, is the head dimension. The figure uses the pre-
ROPE keys, since these are the states compressed
by one-shot selective SVD. For a selected KV head
(¢,m), the head representation is

Xem) = [KP™, .., € RIXD

LMy

(11)

We flatten the example and token axes to obtain
X (g,m) € RNeekXdh where Nyox = NexL.

Head selection. We use M., = 32 KV heads in
total. SCB uses the top-32 (¢, m) pairs ranked by
KV-head semantic retrieval scores, while Random
uses 32 KV heads sampled uniformly at random
from the same global candidate set. Both selections
are drawn once and held fixed across all examples.

Linear centered CKA. For any pair of head rep-
resentations X, Y € RNtekXdn e first center each
column-wise over the flattened example-token axis,
giving X =X-XandY =Y — Y. The linear
centered CKA is

~__~ |2
79
F

L A

(12)

which is the linear-kernel form of CKA (Korn-
blith et al., 2019) and is invariant to orthogonal
transformations and isotropic scaling of either rep-
resentation. The Gram-matrix norms are accumu-
lated in double precision for numerical stability,
and pairs with vanishing denominator (< 107!2)
are set to zero.

Reporting. Pairwise CKA is computed for every
ordered pair of the 32 selected heads, yielding a
symmetric 32 X 32 matrix with unit diagonal. Fig-
ure 9 visualizes these matrices; both panels share
the same color scale [0, 1]. The reported mean sim-
ilarity excludes the diagonal.
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B.2.3 Rank Sensitivity of KV-Head Groupings

This appendix describes the rank-sensitivity pro-
tocol behind Figure 5, including how each group-
ing forms its cache matrix and how the explained-
variance curves are computed.

Cache matrix from a head group. Given a set
of KV heads G and per-layer dumps K}, V, €
RNexxHxvxLxdn collected on the same Multi-
Query NIAH samples as the CKA analysis above,
we slice the heads in G and concatenate them
along the head/feature dimension. This gives a
grouped cache tensor Xg € RNexXLxdg \here
dg = |G|d},. We then flatten the example and token
axes to form the cache matrix

Mg € RNeexdo Ny = NL. (13)

The matrix is centered column-wise over the flat-
tened example-token axis, Mg <~ Mg — Mg. The
same construction can be applied to values; Fig-
ure 5 reports the pre-RoPE key-cache results used
in the main analysis.

Group definitions. For the rank-sensitivity anal-
ysis in Figure 5, four head groupings are evaluated,
each producing one curve:

» SCB. G is the top-32 (¢, m) pairs ranked by
aggregated KV-head semantic retrieval scores,
grouped by layer and concatenated across the
selected heads.

* Random. |G| = 32 heads are sampled uni-
formly at random from the same global candi-
date set.

* xXKV-ng,, (Chang et al., 2026). For every
group of ngy, consecutive layers, G is the
union of all Hxy KV heads in those layers;
the reported curve is the mean of the per-group
explained-variance curves. The main figure
uses ngrp = 4.

¢ Per-layer. G contains all Hkxy KV heads of a
single layer; the reported curve is the mean of
the per-layer curves.

Shared-U low-rank model. Following the stor-
age form used in XKV and our SCB compression,
each cache matrix is approximated by a rank-r
factorization that shares a token-side basis across
heads. We absorb the singular values into the right
factor:

Mg ~ UTRT"

U, € RNwoxx" 4
T Y

R, € R™*4

The dense cache matrix has footprint Ny.xdg,
while the shared-U representation has footprint
rNiok + 1dg = 1(Niok + dg). We therefore in-
dex rank sensitivity by the shared-U compression

ratio
Niokdg

cg(r) = ——7—"—.
T(N tok 1 dg )
Given a target compression ratio ¢, the correspond-
ing rank is

(15)

Ntokdg >
= T0 d ———————_ 5 16
T(C) routt (C(Ntok + dg) (16)

clipped to [1, min( Nk, dg)]. This lets curves with
different dg be compared at matched storage bud-
gets.

Explained variance. We compute the full
singular spectrum {c;}7™%*, where ¢max
min(Nyok, dg), of the centered Mg once per group,
and read off the cumulative explained variance at
every queried rank:
T2
.. Of
EV(T) = qut:l Z2'
imax o4
=1 "1

Figure 5 plots EV(r) against ¢ (r) from Eq. (15).

(17)

Effective rank. As a scalar summary indepen-
dent of the chosen budget, we also report the
energy-based effective rank

Gmax

sz logpz> , (8

where p; = 07/ 329" 07 is the normalized en-
ergy of the i-th smgular dlrectlon. Equation (18)
is the exponential of the Shannon entropy over
the squared-singular-value energy distribution (Roy
and Vetterli, 2007). Lower values indicate that the
group’s KV cache concentrates its energy in fewer
principal directions and is therefore more amenable
to one-shot low-rank compression.

ER(Mg) = exp(

C Additional Results and Ablations
C.1 Benchmark Statistics

Table 6 summarizes the evaluation sizes for
RULER, multi-turn NIAH, and GSMS8K. For
RULER, each subtask is generated with 96 exam-
ples using a fixed random seed; multi-turn NIAH
subtasks expand each example into five conversa-
tional turns. Because tokenization affects how the
haystack is packed, RULER examples are regener-
ated per model template and context length, with no
additional subsampling. For GSM8K, we evaluate
the full test split with 5-shot prompting.
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Benchmark Split # examples  Notes

RULER validation 96 per subtask  Generated with seed 42
RULER multi-turn NIAH  validation ~ 96 per subtask 5 turns per example
GSMSK test 1,319  Full split, 5-shot

Table 6: Evaluation statistics for RULER, multi-turn NIAH, and GSMS8K.

Method | Comp. | N-SI N-S2 N-S3 N-MKI N-MK2 N-MQ N-MV QA-1 QA2 VT FWE | Avg
FullKV | 1.00 | 100.00 9479 100.00 9791 6562 9479 9505 67.70 50.00 91.04 93.05 | 86.36
KIVI-2 7.10 9791 7812 2708 6770 937 5677 3697 5729 4791 7875 89.93 | 58.89
xKV-4 8.27 100.00 7500 89.58 8645 6041  88.02 7526 9333 89.58 6041 48.95 | 78.82
PyramidKV 8.00 9895 91.66 5833  91.66 3020 4843 5078 69.79 51.04 89.16 8541 | 69.58
SnapKV 8.00 100.00 90.62 5520  89.58 3333 4973 47.65 69.79 51.04 87.50 89.93 | 69.49
Quest 1.00 (8.00) | 9583 7291 77.08 9791  66.66 8020 83.85 70.83 46.87 89.79 82.98 | 78.63
ShadowKV 1.82(9.02) | 100.00 9270 77.08  87.50 5208  70.05 71.09 64.58 50.00 84.79 88.88 | 76.25
HachiWare; —o 8.29 100.00 96.87 100.00 9583 5833 8619 83.07 67.70 51.04 90.00 80.20 | 82.66
HachiWare; —32 8.29 100.00 9583 8125 9583 3854 7500 8046 6875 51.04 8895 86.11 | 78.34
PyramidKV 1600 | 9791 77.08 1979 8333 2083 2473 27.60 67.70 52.08 87.70 81.59 | 58.21
SnapKV 1600 | 9791 7604 2291 8333 1666 2942 2343 6875 51.04 8791 86.11 | 58.50
HachiWare; —o 1658 | 100.00 95.83 10000 9583 5937 8515 7552 65.62 51.04 8833 7881 | 8141
HachiWare;—3> | 1658 | 100.00 9479 4479 9583  20.83  63.80 7347 6770 51.04 8833 80.55 | 71.01
HachiWare;_3> | 22.827 | 100.00 73.95 4270 8750  20.83 5520 60.67 66.66 50.00 88.54 8333 | 6631

Notes. Task abbreviations follow Table 1. Gray parentheses denote effective GPU-side cache reduction for Quest and ShadowKV.

t marks the stress-test setting beyond the main 8 x/16x regime.

Table 7: Main RULER results on Mistral-7B-Instruct-v0.3 at 32K context length. Comp. denotes representation-
level compression of the stored KV cache; gray parentheses denote effective GPU-side cache reduction for

selection/offloading baselines.

C.2 Full Mistral RULER Results

Table 7 reports the full per-task RULER results
on Mistral-7B-Instruct-v0.3 at 32K context length,
complementing the average results reported in the
main text. The per-task breakdown shows the
same overall trend as the main table: HachiWare
preserves stronger accuracy than token-eviction
and quantization baselines under aggressive stored-
cache compression, while the refresh interval con-
trols the accuracy—efficiency trade-off.

At the 8x setting, HachiWare with I = 2
reaches 82.66 average accuracy at 8.29x compres-
sion, outperforming all compressed baselines. The
speed-oriented I = 32 variant reaches 78.34, re-
maining competitive with xK'V-4 and Quest while
using a compressed stored representation. At
the 16 setting, HachiWare remains substantially
stronger than the 16x eviction baselines: with
I = 32, it reaches 71.01 average accuracy, com-
pared with 58.21 for PyramidKV and 58.50 for
SnapKV. The accuracy-oriented I = 2 variant fur-
ther improves to 81.41, indicating that the same
stored representation can recover additional accu-
racy when more frequent active-cache refresh is
allowed.

The per-task results also show that Mistral-7B-
Instruct-v0.3 is more sensitive to the refresh inter-

val than Llama-3.1-8B-Instruct. The gap between
I = 2 and I = 32 is most visible on retrieval-
heavy subtasks such as N-S3, N-MK2, and N-MQ.
This supports the refresh-interval analysis in Ap-
pendix C.9: for Mistral, I = 32 provides a speed-
oriented operating point, while I = 2 serves as an
accuracy-oriented reference.

C.3 LongBench Results

Following the LongBench benchmark (Bai et al.,
2024) and the evaluation setting of Shad-
owKYV (Sun et al., 2025), we evaluate examples
with sequence lengths exceeding 4K.

Table 8 broadens the evaluation beyond RULER-
style synthetic retrieval. At 14.40x stored-cache
compression, HachiWare achieves an average
LongBench score of 52.19, within 2.71 points of
the FullKV score of 54.90. Performance remains
close to FullKV on NarrativeQA, HotpotQA, QM-
Sum, TriviaQA, and PassageRetrieval-en, while
larger gaps appear on GovReport and RepoBench-
P. Overall, these results provide additional evidence
that HachiWare remains effective across a broader
range of long-context tasks.
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Method Comp. NarrativeQA HotpotQA 2WikiMQA GovReport QMSum TriviaQA PR-en RepoBench-P  Avg.
FullKV 1.00x 30.33 58.14 45.23 34.14 25.20 92.37 100.00 53.81 54.90
HachiWare 14.40x 30.01 56.30 41.98 27.02 24.31 92.56 99.50 45.87 52.19

Notes. PR-en denotes PassageRetrieval-en. The evaluated tasks cover long-document QA, multi-hop QA, summarization,

retrieval, and code.

Table 8: LongBench results on Llama-3.1-8B-Instruct for examples with sequence lengths exceeding 4K, following
the evaluation setting of ShadowKV (Sun et al., 2025). Comp. denotes representation-level compression of the
stored KV cache. The average is computed over the eight evaluated tasks.

8X configuration 16X configuration

SCB heads Comp. Avg.  Comp. Avg.
24 8.48 < 89.63 15.92x 89.63
32 8.55x% 90.12 16.04x 88.99
40 8.63x 90.00 16.15x 90.80

Table 9: SCB routing-budget sensitivity on RULER
with Llama-3.1-8B-Instruct at 64K context length. All
other HachiWare settings are held fixed within each
compression regime.

Anchor-selection policy RULER Avg.
Default high-score anchor 88.99
Lower-score SCB anchor 87.45

Table 10: Anchor-selection sensitivity on RULER with
Llama-3.1-8B-Instruct at 64K under the 16 x configura-
tion.

C.4 SCB Routing-Budget Sensitivity

Table 9 evaluates sensitivity to the number of KV
heads routed to the SCB on Llama-3.1-8B-Instruct
at 64K context length. We vary the SCB budget
from 24 to 40 heads while keeping the SVD ranks,
active-token budget, refresh interval, and anchor
set fixed. Across both compression regimes, accu-
racy remains stable and does not exhibit a sharp
collapse around the default 32-head setting. These
results indicate that HachiWare does not rely on
a precisely tuned SCB-head cutoff, although the
routing budget remains an operating parameter that
affects the accuracy—compression trade-off.

C.5 Anchor-Selection Sensitivity

Table 10 evaluates sensitivity to the anchor-
selection policy on Llama-3.1-8B-Instruct at 64K
under the 16x configuration. We replace the de-
fault high-score anchor with a lower-score SCB
anchor while keeping the cache representation,
active-token budget, compression setting, and re-
fresh interval unchanged. The RULER average de-
creases from 88.99 to 87.45, a 1.54-point change.
This result indicates that the shared ordered list

Method Comp. RULER Avg.
FullKV 1.00x 92.30
HachiWare 8.55% 90.12
HachiWare-Block  8.55x 90.55

Table 11: Block-granular selection on RULER with
Llama-3.1-8B-Instruct at 64K. The block-granular vari-
ant uses contiguous blocks of 8§ tokens.

is not highly sensitive to the exact anchor choice,
although the default high-score anchor remains
preferable.

C.6 Block-Granular Selection

To examine whether HachiWare can operate with
block-aligned selection units, we replace token-
wise eviction and active-cache selection with con-
tiguous blocks of 8 tokens while keeping the overall
compression setting unchanged. Table 11 shows
that the block-granular variant achieves 90.55 av-
erage RULER accuracy at the same 8.55% stored-
cache compression, compared with 90.12 for the
token-wise setting. We do not interpret the small
difference as a meaningful accuracy improvement;
rather, the result shows that block-aligned selection
can be used without accuracy loss in this setting.

C.7 Supplementary Results on Qwen2.5
Models

Table 12 reports supplementary RULER results
on Qwen2.5-7B-Instruct-1M (Yang et al., 2025)
at 64K context length, while Table 13 pro-
vides a larger-model check on Qwen2.5-14B-
Instruct (Yang et al., 2024a) at the same context
length. Qwen2.5-7B-Instruct-1M differs from the
two main backbones in its KV-head configuration:
it uses 28 layers with 4 KV heads per layer, result-
ing in a smaller total KV-head pool than Llama-3.1-
8B-Instruct and Mistral-7B-Instruct-v0.3. For SCB
routing, we use 16 heads for Qwen2.5-7B-Instruct-
1M and 18 heads for Qwen2.5-14B-Instruct, reflect-
ing their different model configurations. Following
the setup in Section 4.1, we compare only with
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Method | Comp. | N-SI N-S2 N-S3  N-MKI N-MK2 N-MQ N-MV QA-1 QA-2 VT FWE | Avg.
FullKV | 1.00 | 100.00 100.00 100.00 100.00 100.00 100.00 96.09 83.33 60.41 90.20 87.84 | 92.53
KIVI-2 7.10 2.08 6.25 0.00 10.41 11.45 0.52 1.56 4479 4479 30.62 38.88 | 17.40
xKV-4 6.62 | 100.00 94.79  46.87 85.41 98.95 8541 76.82 6458 54.16 66.04 68.40 | 76.49
PyramidKV 7.00 | 100.00 92.70  20.83 96.87 26.04 70.57 70.83 83.33 54.16 9125 79.16 | 71.43
SnapKV 7.00 | 100.00 96.87  60.41 97.91 45.83 8776 7890 8333 5520 92.08 78.86 | 79.74
HachiWare;—32 | 7.06 | 100.00 100.00 96.87 100.00  78.12 98.17 92770 83.33 5937 91.66 76.38 | 88.78

Notes. N-S, N-MK, N-MQ, and N-MV denote Needle single-key, multi-key, multi-query, and multi-value tasks. I denotes the

active-cache refresh interval used by HachiWare.

Table 12: Supplementary RULER results on Qwen2.5-7B-Instruct-1M at 64K context length. Comp. denotes

representation-level compression of the stored KV cache.

Method Comp.  Avg.
FullKV 1.00x  85.68
SnapKV 7.00x  77.96
xKV-4 6.88x  78.07
HachiWare 7.12x  80.70

Table 13: Average RULER results on Qwen2.5-14B-
Instruct at 64K context length. Comp. denotes
representation-level compression of the stored KV
cache.

baselines whose reported compression corresponds
to a reduced stored KV cache representation, ex-
cluding selection-only and offloading-based base-
lines such as Quest and ShadowKV.

HachiWare remains effective on Qwen2.5-7B-
Instruct-1M. At 7.06 x stored-cache compression
with refresh interval I = 32, it reaches 88.78 av-
erage RULER accuracy, outperforming KIVI-2,
xKV-4, PyramidKV, and SnapKV under compara-
ble stored-cache compression. The improvement is
especially clear on retrieval-heavy subtasks, where
HachiWare preserves high accuracy across several
NIAH variants while the low-rank and eviction
baselines show larger degradation.

On Qwen2.5-14B-Instruct, HachiWare achieves
80.70 average RULER accuracy at 7.12x stored-
cache compression, outperforming SnapKV and
xKV-4 by 2.74 and 2.63 points, respectively, at
comparable compression.

Together, the Qwen results extend the evaluation
beyond the main Llama and Mistral backbones,
covering both a different KV-head configuration
and a larger 14B-scale model.

C.8 Effect of One-Shot Selective SVD

Table 14 compares the default low-rank SCB with
an exact-SCB variant that stores semantic-critical
states in full precision under the same SCB rout-
ing, EB retention budget, active selection budget,
and runtime refresh procedure. One-shot selective

x  SCBrepr. SVD Comp. Comp. AComp. Mean AMean
2048 Full - 6.56 - 89.35 -

2048 Low-rank 3.57 16.04 +9.48 8899 —0.36
2048 Low-rank 8.03 2331 +16.75 87.60 —1.75
1024 Full - 7.21 - 88.38 -

1024 Low-rank 3.57 20.54 +13.33 88.47 +40.09
1024 Low-rank 8.03 3420 +26.99 8546 —2.92

Table 14: Ablation of one-shot selective SVD on

RULER with Llama-3.1-8B-Instruct at 64K context
length. Full keeps semantic-critical states in full preci-
sion, while Low-rank applies one-shot selective SVD
with the reported SVD compression ratio. A values are
computed relative to Full under the same active budget
K.

SVD substantially increases compression with lim-
ited accuracy loss. At k = 2048, compression im-
proves from 6.56 x to 16.04 x, while the RULER
mean drops by only 0.36 points. At x = 1024,
the 34.20x setting incurs a larger 2.92-point drop,
showing that the low-rank SCB is the main mecha-
nism that moves HachiWare beyond the compres-
sion limit of exact semantic-critical storage.

C.9 Refresh-Interval Sensitivity

The refresh interval I controls how often the shared
ordered list and active cache are updated. Table 15
shows model-dependent sensitivity. Llama-3.1-8B-
Instruct remains stable even at I = 32, reaching
90.12 RULER mean, comparable to more frequent
refresh settings. Mistral-7B-Instruct-v0.3 is more
sensitive, decreasing from 82.66 at [ = 2 to 78.34
at I = 32, but the / = 32 setting remains compet-
itive with the main-table baselines. This explains
the two refresh regimes used in the main results.

C.10 Additional Efficiency Results

C.10.1 Prefill-Stage Latency

Table 16 reports full prefill-stage latency scaling
on A6000. Total latency measures the time to pro-
duce a ready-to-decode cache, including the model
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Model I=1 I=2 I=4 I=8 I=16 1I=232F
Llama, 64K 89.63  89.62  90.07 9038  89.86 90.12
Mistral, 32K~ 82.84  82.66 81.16 7945 7761 78.34

Table 15: Effect of the active-cache refresh interval I on
RULER Mean. Llama denotes Llama-3.1-8B-Instruct
at 64K context length with x = 4096 and Comp. =
8.55x; Mistral denotes Mistral-7B-Instruct-v0.3 at 32K
context length with k = 2048 and Comp. = 8.29x.
I = 1 refreshes at every decoding step, and T denotes
the speed-oriented setting used for efficiency evaluation.

prefill pass and method-specific cache-preparation
work. The lower block reports the fraction of total
prefill-side latency spent on SVD.

For implementation, ShadowKV is evaluated
with its offloading path enabled, reflecting its GPU-
memory-saving setting, and uses a full SVD rou-
tine for cache preparation. In contrast, xKV and
HachiWare use torch.svd_lowrank for low-rank
cache factorization. This routine computes a ran-
domized approximate low-rank SVD rather than a
full SVD, trading exact singular-vector computa-
tion for lower cache-preparation overhead in our
long-context setting.

Thus, the table reflects the prefill-stage latency
of the evaluated implementations, including their
different SVD routines and memory-management
paths. The overhead is most visible at shorter con-
text lengths: at 8K, ShadowKYV reaches 7.87x
FullKV latency and xKV reaches 4.45x, whereas
HachiWare remains at 1.83 <. Across the full 8K-
64K range, HachiWare stays below 2x FullKV la-
tency, indicating that one-shot selective SVD keeps
prefill-stage overhead controlled.

C.10.2 Decode-Time Materialization Cost

Table 17 isolates decode-time active-token selec-
tion and low-rank reconstruction costs on Llama-
3.1-8B-Instruct at 64K with x = 2048. We use
xKV-SR, the xKV variant with ShadowKV-style
per-layer selection, as a common-path diagnostic
for selective low-rank reconstruction. This com-
parison is intended to isolate materialization cost
rather than provide an optimized end-to-end run-
time comparison.

Even at I = 1, before refresh-interval amorti-
zation, HachiWare reduces both selection and re-
construction cost relative to xXKV-SR. With I = 32,
these costs are further amortized across decoding
steps. This shows that the decoding efficiency
comes from a smaller selective-reconstruction
scope together with refresh amortization, rather
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Figure 10: Additional decoding-throughput results at
64K context length on a single NVIDIA H100 80GB
GPU. HachiWare uses the speed-oriented 16x, I = 32
setting. Methods with runtime selection or selective
reconstruction use the same active budget x = 2048
where applicable. Higher is better; OOM denotes out-
of-memory settings.

than from the refresh interval alone.

C.10.3 Decode Throughput under Refresh
Intervals

Table 18 reports decoding throughput under dif-
ferent active-cache refresh intervals on a single
NVIDIA A6000 48GB GPU. This experiment fol-
lows the 64K-context decoding setup in Section 4.5.
Each method is evaluated at its largest feasible
batch size under the memory limit: FullKV sup-
ports batch size 2, while HachiWare supports batch
size 32. For HachiWare, increasing I refreshes the
active cache less frequently, amortizing ordered-
list construction, selection, and SCB reconstruction
over more decoding steps. The results show a con-
sistent throughput increase as the refresh interval
becomes larger, indicating that refresh overhead is
effectively amortized during decoding. This sup-
ports using I = 32 as the speed-oriented setting in
the main efficiency study.

C.104 Additional H100 Decode Throughput

Figure 10 reports additional decoding-throughput
results on Llama-3.1-8B-Instruct at 64K context
length using a single NVIDIA H100 80GB GPU.
The setting follows Section 4.5: HachiWare uses
the speed-oriented 16 x, I = 32 configuration, and
methods with runtime selection or selective recon-
struction use the same active budget x = 2048
where applicable.

The H100 results show the same trend as the
A6000 results in Figure 7. HachiWare reaches
1245 tokens/s at batch size 64, compared with 215
tokens/s for the largest feasible FullKV setting,
yielding a 5.79x throughput improvement. This

34722



Method 8K 16K 24K 32K 40K 48K 56K 64K
Total latency seconds, relative to FullKV in parentheses

FullKV 1.20 (1.00x) 2.74 (1.00x) 4.82(1.00x) 7.73(1.00x) 10.24 (1.00x) 13.43(1.00x) 17.23 (1.00x) 21.19 (1.00x)
xKV 534 (445x) 7.38(2.69x) 9.58(1.99x) 12.10(1.57x) 15.73 (1.54x) 18.99 (1.41x) 23.05(1.34x) 27.65(1.30%)
ShadowKV 9.44 (7.87x) 11.22 (4.09%x) 13.95(2.89%x) 17.01 (220x) 28.29 (2.76x) 36.37 (2.71x) 46.17 (2.68x) 50.47 (2.38x)
HachiWare 2.20 (1.83x) 3.47 (1.27x) 5.95(1.23x) 9.40(1.22x) 11.81 (1.15x) 15.02 (1.12x) 19.57 (1.14x) 23.68 (1.12x)

SVD time ratio percentage of total prefill-side latency

FullKV - - - -

xKV 29.3% 29.4% 26.9% 23.8%
ShadowKV 31.8% 31.4% 28.0% 23.3%
HachiWare 17.5% 15.7% 11.0% 7.8%

20.8% 20.7% 18.8% 17.2%
15.1% 13.8% 11.3% 11.1%
7.1% 6.8% 5.6% 5.1%

Notes. Relative latency is computed against FullKV at the same context length. SVD time ratio is the fraction of total prefill-side

latency spent on SVD.

Table 16: Full prefill-side latency scaling on A6000. The upper block reports total latency in seconds, with latency
relative to FullKV in parentheses. The lower block reports the fraction of total latency spent on SVD.

Configuration Selection ~ Reconstruction
HachiWare, I = 1 1.399 1.880
xKV-SR diagnostic 4.451 5.824
HachiWare, I = 32 0.044 0.062

Table 17: Decode-time materialization-cost diagnostic
on Llama-3.1-8B-Instruct at 64K with x = 2048. Times
are reported in ms per decoding step; the I = 32 costs
are amortized over the refresh interval.

Method Batch Size Refresh I  Tok/s
FullKV 2 - 43
HachiWare 32 1 80
HachiWare 32 2 136
HachiWare 32 4 200
HachiWare 32 8 252
HachiWare 32 16 323
HachiWare 32 32 406

Notes. Throughput is measured in generated tokens per
second. FullKV is shown as the largest feasible
uncompressed-cache reference. All HachiWare rows use the
same stored-cache configuration and differ only in the
active-cache refresh interval.

Table 18: Decoding throughput under different refresh
intervals on A6000 48GB at 64K context length. Each
row uses the largest feasible batch size under the mem-
ory limit.

confirms that the decoding-speed gain is not spe-
cific to A6000 and remains effective on a higher-
bandwidth GPU.

C.11 Integration with Quantization

HachiWare can be combined with orthogonal
cache-compression techniques such as quantization.
As a preliminary compatibility study, we apply 4-
bit round-to-nearest (RTN) quantization on top of
the stored HachiWare cache representation after

prefilling. The quantized representation includes
both the SCB low-rank factors and the retained EB
KV states; the routing, active-cache refresh, and
refresh interval are kept unchanged. All variants
use I = 32, and the quantization group size is 32.

Table 19 shows that quantization further in-
creases the stored-cache compression ratio with
limited additional accuracy loss. For example, the
8.55x HachiWare setting becomes 27.36 x with
4-bit quantization while preserving a RULER aver-
age of 89.87, close to the unquantized 90.12. The
more aggressive 16.04x and 34.20x settings fur-
ther increase to 51.33 x and 109.44 x, respectively,
showing that HachiWare remains compatible with
low-precision cache storage.

D Additional Related Work

KY cache reduction. KYV cache compression has
been studied through eviction, quantization, and
runtime cache selection. Eviction-based methods
reduce memory by retaining only a subset of to-
ken states. HoO (Zhang et al., 2023) keeps heavy-
hitter and recent tokens, Scissorhands (Liu et al.,
2023) exploits persistence in token importance, and
StreaminglLLM (Xiao et al., 2024) maintains atten-
tion sinks and recent tokens for streaming gener-
ation. More recent methods improve selection or
allocation policies: SnapKV (Li et al., 2024) se-
lects prompt-side important tokens using attention
statistics, PyramidKV (Cai et al., 2025) allocates
budgets according to layer-wise information fun-
neling, CAKE (Qin et al., 2025) uses cascading and
adaptive eviction with layer preferences, D20 (Wan
et al., 2025) applies dynamic discriminative opera-
tions, and Ada-KV (Feng et al., 2025) introduces
adaptive head-wise budget allocation. These meth-
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Method | Comp. | N-S1 N-S2  N-S3 N-MKl1 N-MK2 N-MQ N-MV QA-1 QA-2 VT FWE | Avg
FullKV | 1.00 | 100.00 100.00 100.00 100.00  91.66  100.00 98.69 8229 6041 97.91 84.37 | 92.30
HachiWare 8.55 100.00  100.00 100.00 100.00  91.66 99.73  96.61 8333 5833 9291 68.75 | 90.12
HachiWare-4bit | 27.36 | 100.00 100.00 100.00  98.95 91.66 99.73  96.61 8125 6041 91.25 68.75 | 89.87
HachiWare 16.04 | 100.00 100.00 93.75  100.00 88.54 9947 9791 8125 5833 87.08 72.56 | 88.99
HachiWare-4bit | 51.33 | 100.00 100.00 94.79 98.95 87.50 99.21 9348 80.20 56.25 84.37 70.13 | 87.72
HachiWare 3420 | 100.00 9791  83.33 95.83 86.45 97.65 9557 8229 5833 7499 67.70 | 85.46
HachiWare-4bit | 109.44 | 100.00 100.00  77.08 92.70 79.16 96.87 9192 8125 5729 68.54 66.66 | 82.86

Notes. N-S, N-MK, N-MQ, and N-MV denote Needle single-key, multi-key, multi-query, and multi-value tasks. HachiWare-4bit

applies 4-bit non-symmetric quantization with group size 32 on top of the corresponding HachiWare configuration. All

HachiWare variants use refresh interval 1 = 32.

Table 19: Integration of HachiWare with 4-bit KV cache quantization on Llama-3.1-8B-Instruct at 64K context
length. Comp. denotes representation-level compression of the stored KV cache after optional quantization.

ods are efficient because removed states no longer
consume memory or attention computation, but
the discarded KV states are not explicitly recon-
structable.

Quantization and mixed-precision methods re-
duce the representation cost of retained cache states.
KIVI (Liu et al., 2024b) uses asymmetric low-bit
KV cache quantization, KVQuant (Hooper et al.,
2024) targets ultra-low-precision KV cache quanti-
zation for very long contexts, GEAR (Kang et al.,
2024) combines quantization with low-rank and
sparse correction, and No Token Left Behind (Yang
et al., 2024b) retains evicted information in lower
precision. These methods preserve approximate
cache information, but they do not explicitly allo-
cate a more expressive reconstructable representa-
tion to semantically critical heads.

Runtime selection methods reduce the active at-
tention view during decoding. QUEST (Tang et al.,
2024) performs query-aware sparse KV-page se-
lection, while RocketKV (Behnam et al., 2025)
combines coarse-grained cache reduction with fine-
grained sparse access for long-context inference.
These approaches are complementary to storage
compression: they control which cache entries are
accessed at a decoding step, whereas HachiWare
first decides which KV heads should receive re-
constructable low-rank storage and then applies
bounded active-cache refresh over the resulting
branches.

Low-rank and transform-based KV cache stor-
age. Another line of work studies compressed
KV representations that can be approximately re-
constructed or consumed by modified attention
computation. Eigen Attention (Saxena et al.,
2024) performs attention in a compressed low-
rank space. Palu (Chang et al., 2025) stores

low-rank latent KV representations through static
projection decompositions. ShadowKV (Sun
et al., 2025) combines low-rank key storage with
sparse runtime reconstruction and value offload-
ing. MatryoshkaKV (Lin et al., 2025a) learns
adaptive orthogonal projections for KV compres-
sion. XKV (Chang et al., 2026) applies cross-layer
SVD to grouped KV caches, exploiting redundancy
across adjacent layers. KVTC (Staniszewski and
Lancucki, 2026) uses transform coding for compact
reusable KV cache storage.

These methods show that KV caches contain
substantial redundancy and can be represented
in lower-dimensional or coded forms. Their pri-
mary focus is how to compress a selected cache
representation. In contrast, HachiWare focuses
on where reconstructability should be allocated:
semantic-critical KV heads are routed to a low-
rank Semantic-Critical Branch, while the remain-
ing heads are handled by a cheaper Eviction Branch.
This makes low-rank reconstruction selective rather
than uniformly applied across the cache.

Head-aware cache policies and retrieval heads.
Recent studies show that attention heads are func-
tionally heterogeneous. Retrieval Head (Wu et al.,
2025) identifies a small subset of heads that play
a disproportionate role in long-context factual re-
trieval. This observation motivates head-aware
cache policies. DuoAttention (Xiao et al., 2025)
separates retrieval and streaming heads and as-
signs different cache policies to them. RazorAt-
tention (Tang et al., 2025) preserves full caches
for retrieval heads while compressing non-retrieval
heads. HeadKV (Fu et al., 2025) allocates KV
cache budgets according to head-level importance.

CompressKV (Lin et al., 2025b) is the closest
semantic-head prior to our work. It identifies Se-
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mantic Retrieval Heads (SRHs) by aggregating at-
tention mass over the reference answer span during
answer generation, and uses them to guide token
retention and layer-adaptive eviction. HachiWare
uses this semantic retrieval behavior for a different
purpose. Rather than using SRHs only to select
token positions under an eviction framework, it
aggregates semantic retrieval scores into KV-head
scores and uses them to route heads between het-
erogeneous storage branches. Thus, HachiWare
combines irreversible eviction and reconstructable
low-rank storage at the granularity of semantically
critical KV heads.

E Use of AI Assistants

Al assistants were used for language polishing and
checklist-preparation assistance. All technical con-
tent, experimental results, claims, and final text
were reviewed and verified by the authors. Al assis-
tants were not used to generate experimental results
or make authorship decisions.
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