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Abstract

KV cache compression is essential for long-
context LLM inference. Most token-level KV
compressors reduce cache length by retain-
ing selected token KV entries and evicting the
rest. Once evicted, those spans no longer re-
ceive attention, even though some may still
carry information useful enough to preserve
in compact form. We propose SurrogateKV,
a training-free, runtime-only method that re-
frames KV compression as region-level rep-
resentation allocation. Under the same KV-
slot budget, SurrogateKV assigns historical re-
gions to raw KV, surrogate KV, or drop. It
does not train a compressor, modify model
weights, or introduce a new attention oper-
ator. After prefill, SurrogateKV constructs
lightweight surrogate entries as ordinary KV
pairs, keeping their information available dur-
ing standard attention decoding. This repre-
sentation decision is orthogonal to layer- and
head-wise budget allocation. We evaluate
SurrogateKV-Snap, SurrogateKV-Dynamic,
and SurrogateKV-Ada, obtained by applying
SurrogateKV to SnapKV, DynamicKV, and
Ada-KV, respectively. As representative re-
sults, SurrogateKV-Snap raises Needle-in-a-
Haystack (NIAH) retrieval accuracy from 87.51
to 98.84 at 128 slots per layer. SurrogateKV-
Ada raises the LongBench average score from
40.77 to 41.26 at 512 slots per layer while
preserving 98.4% of full-cache performance
with only 10.5% of the prefill KV cache.
Code is available at https://github.
com/kimjunewon/SurrogateKV.

1 Introduction

Large language models (LLMs) (Brown et al.,
2020) are widely used across natural language
processing (NLP) tasks, including summarization,
translation, code generation, and language under-
standing. Recent work has extended LLMs to
longer contexts (Chen et al., 2023; Peng et al.,
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Figure 1: Conventional token eviction vs. SurrogateK'V.
SurrogateKV adds an intermediate surrogate tier be-
tween retaining raw KV entries and dropping them.

2024; Chen et al., 2024), but longer contexts in-
crease inference latency and memory costs. A
major source of these costs is the per-request KV
cache (Kwon et al., 2023), which occupies GPU
memory during autoregressive decoding. In disag-
gregated serving, the cache is also transferred from
prefill to decode workers (Zhong et al., 2024). For
example, the KV cache for one 2,048-token OPT-
13B request can occupy up to 1.6 GB (Kwon et al.,
2023). Reducing KV cache size is essential for
lowering GPU memory pressure, prefill-to-decode
transfer overhead, and end-to-end latency.

Prior work reduces KV-cache overhead by com-
pressing individual entries or retaining fewer of
them. KV quantization compresses key/value
states (Hooper et al., 2024); we focus on
token-level KV compression, which retains se-
lected historical entries. Among these methods,
Streamingl.LM (Xiao et al., 2024), H,O (Zhang
et al., 2023), and SnapKV (Li et al., 2024) se-
lect retained entries, while PyramidKV (Cai et al.,
2025), DynamicKV (Zhou et al., 2025), and Ada-
KV (Feng et al., 2025) distribute cache budgets
across layers or attention heads.

Despite these advances, eviction-based compres-
sors still retain selected entries and remove the rest
from subsequent attention (Figure 1). This changes
where attention can flow, and removing important
KV states can degrade performance (Zhang et al.,
2023). Section 3 quantifies the resulting attention-
mass shifts on evicted regions. A SnapKV-based di-
agnostic further shows greater key and value coher-
ence in contiguous evicted chunks than in matched
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Figure 2: Positioning of SurrogateKV. Token-eviction methods select token- or chunk-level KV entries, while
adaptive-budget methods distribute cache slots across layers or attention heads. Given the budget supplied by a base
compressor, SurrogateKV forms historical regions and assigns each region to RAW, SURROGATE, or DROP.

random sets. Pure eviction therefore leaves no
intermediate representation: some lower-salience
regions may not justify retaining all of their raw
entries but may still benefit from a compact rep-
resentation. Merging and compensation methods
mitigate this loss by merging similar states around
pivots, folding discarded values into retained an-
chors, or using compensation tokens (Wang et al.,
2024; Tang et al., 2025; Yuan et al., 2025).

We therefore propose SurrogateKV, a training-
free, representation-level KV compression method
that assigns each historical region to RAW, SUR-
ROGATE, or DROP under a fixed KV-slot bud-
get. Unlike similarity-based merging, SurrogateKV
uses recent-query salience rather than similarity
grouping or pivot selection to make this allocation:
high-salience regions remain RAW, selected lower-
salience runs receive one SURROGATE slot, and
the rest are dropped. As shown in Figure 2, this
representation decision is orthogonal to layer-wise
and head-wise budget allocation. In our instantia-
tions, the base compressor supplies the cache bud-
get and allocation granularity, while SurrogateKV
determines each region’s representation within
that budget. We instantiate SurrogateKV with
three representative base compressors: SnapKV'’s
shared token/chunk selection (Li et al., 2024), Dy-
namicKV’s layer-adaptive allocation (Zhou et al.,
2025), and Ada-KV’s head-aware allocation (Feng
et al., 2025). We evaluate the resulting variants, de-
noted SurrogateK'V-Snap, SurrogateKV-Dynamic,
and SurrogateKV-Ada.

As representative results, SurrogateKV-Snap
achieves 98.84 average retrieval accuracy on the
Needle-in-a-Haystack diagnostic (Kamradt, 2023)
at By = 128, compared with 87.51 for SnapKYV,
indicating improved retrieval robustness under ag-
gressive compression. On LongBench (Bai et al.,
2024), at Bgy = 512, SurrogateKV-Ada improves

Ada-KYV, the strongest baseline in our evaluation,
from 40.77 to 41.26. This LongBench setting uses
10.5% of FullKV’s prefill KV cache on average,
preserves 98.4% of its score, and closes 42.5% of
the remaining performance gap.

2 Background and Related Work

2.1 Token-Level KV Eviction and Adaptive
Budget Allocation

Token-level KV compression reduces the attended
cache by retaining only a subset of historical KV
states. StreaminglLLLM retains attention sinks and
recent tokens (Xiao et al., 2024), ScissorHands ex-
ploits persistent token importance (Liu et al., 2023),
H>O keeps recent and heavy-hitter tokens (Zhang
et al., 2023), and SnapKYV selects prompt KV po-
sitions using recent-window attention (Li et al.,
2024). Later studies observe that KV importance
is uneven across model components and allocate
the limited cache budget non-uniformly: Pyra-
midKV assigns layer-wise budgets (Cai et al.,
2025), DynamicKV adapts layer-wise budgets to
task-specific attention patterns (Zhou et al., 2025),
and Ada-KV allocates budgets across attention
heads (Feng et al., 2025).

Although these methods differ in scoring rules
and budget granularity, the compressed cache re-
mains a subset of original token-level KV entries.
Regions outside the retained set are removed from
subsequent attention, yielding a binary representa-
tion: keep the original KV state or drop it entirely.

2.2 Representation-Preserving KV
Compression

Representation-preserving methods relax this bi-
nary view by carrying information from removed
or compressed KV states. CaM merges evicted
states into retained entries, while D20 recalls or
merges selected discarded states (Zhang et al.,
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2024; Wan et al., 2025). KVMerger merges sim-
ilar KV states (Wang et al., 2024); WeightedKV
merges values into retained anchors (Yuan et al.,
2025); RazorAttention adds compensation tokens
for non-retrieval heads (Tang et al., 2025); and
KVSculpt optimizes replacement KV pairs to pre-
serve attention behavior (Jiang and Jin, 2026).

These methods show that information outside
the retained token set can remain useful. Surro-
gateKV follows this representation-preserving di-
rection and stores each admitted surrogate as an
ordinary KV entry. Its main distinction is fixed-
budget admission: the base compressor supplies
capacity and granularity, and SurrogateKV assigns
each candidate region to RAW, SURROGATE, or
DRropP. Unlike pivot-based merging, SurrogateKV
needs neither similarity grouping nor pivot assign-
ment and packs the cache once after prefill. QUEST
and SparQ instead make query-dependent cache-
access decisions during decoding (Tang et al., 2024;
Ribar et al., 2024).

3 Motivation

Using LongBench examples (Bai et al., 2024) at
budget Bxyv = 512, we examine changes in at-
tention mass and coherence among dropped key
and value vectors. Dropping KV entries changes
attention mass on highly attended historical chunks,
while contiguous SnapKV-dropped chunks show
greater coherence for both keys and values than
matched random sets.

Attention mass on highly attended chunks. Fig-
ure 3(a) measures the absolute change in at-
tention mass on the top-5 chunks selected by
recent-query attention under FullKV. Across com-
pressors, the mass on these chunks changes by
3.35-5.96 percentage points after KV entries are
dropped. This shift is consistent with prior KV-
compression studies showing that removing impor-
tant KV states or losing information from dropped
tokens can degrade long-context benchmark per-
formance (Zhang et al., 2023; Wang et al., 2024;
Tang et al., 2025; Yuan et al., 2025). Once a span is
dropped, its FullKV attention mass is redistributed
over the retained cache, and the dropped span be-
comes indistinguishable from other removed re-
gions during decoding.

Coherence of keys and values in dropped
chunks. For keys or values X € {K,V}, we
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(a) Attention shift (b) Key and value coherence

Figure 3: Motivation for surrogate KV. (a) Dropping KV
entries changes the attention mass assigned to highly
attended historical chunks relative to FullKV. (b) Con-
tiguous SnapKV-dropped chunks have higher cosine
coherence for keys and values than matched random
sets. Shading shows distributions; circles, vertical lines,
and horizontal ticks denote means, interquartile ranges,
and medians, respectively.

measure within-set coherence for a token set C' as
1

cohx (C) = C] > cos(wr, 7o),
teC
B 1
TO = 7= Tt.
C] Z; t

Local sets are contiguous 32-token chunks dropped
by SnapKV; random controls sample 32 dropped
positions from the same example, layer, and KV
head. Figure 3(b) shows higher key and value co-
herence for the local sets, indicating non-random
structure without implying that the chunks should
be retained at full resolution.

Implication. These observations suggest that KV
compression should consider not only which to-
kens are selected, but also how discarded regions
are represented. Rather than forcing every region
into keep or drop, SurrogateKV assigns historical
regions to raw KV, surrogate KV, or drop: salient re-
gions remain raw, low-scoring regions are removed,
and selected lower-salience regions stay available
through surrogate KV.

4 SurrogateKV

SurrogateKV is a training-free, representation-level
KV cache compressor. Figure 4 summarizes the
runtime pipeline. Given a layer or head budget,
it assigns each non-recent cache region to RAW,
SURROGATE, or DROP. RAW keeps original token-
level KV entries, SURROGATE replaces a selected
contiguous region with one compact KV pair, and
DROP removes it. The resulting packed cache satis-
fies the budget and is used by the standard attention
operator during decoding. We instantiate this step

33645



i Full KV cache after prefill

Jestoo00eeodoo

4 1. Prefill KV N ( 2. Score Tokens N

000M0B || + = |-
mE0ome || o= o= |

. J .

3. Budgeted Region Allocator

candidate

O0R0RE || oo "l

1 G - |

4. Pack and Decode

construct surrogate KV

oo0-e@

mean + norm/RMS

under budget B

(] - JE

packed cache for decoding

[~ @[]

standard attention
KV vectors

/X J

Figure 4: Overview of SurrogateKV. For each supplied layer or head budget, SurrogateKV scores non-recent cache
tokens, assigns regions to raw, surrogate, or drop, and decodes with the resulting packed cache.

on SnapKV, DynamicKYV, and Ada-KV, denoted
SurrogateKV-Snap, SurrogateKV-Dynamic, and
SurrogateKV-Ada, respectively.

4.1 Salience Estimation and Allocation Atoms

For one transformer layer, let K, V}, € RTxd pe
the prefill key and value states for head h; we omit
the head index where the same operation is applied
independently to each head. We split the cache into
a non-recent part U and a recent suffix R:

{1,....,T}y=UUR. (1)

The recent suffix R is retained, while U is com-
pressed.

Following attention-based KV retention meth-
ods (Zhang et al., 2023; Li et al., 2024), we use
recent-query attention as a salience signal. For re-
cent query position 7 € R and non-recent token
t € U, we compute

qhn rk:]—lr
aprt = softmax, <, ( : ’T) (@
vd ),

for query head h. We aggregate attention over
recent queries and apply local max pooling:

Np,

1
St = o7 ,/max Z ah,m’) ) (3)
Ni o tewa(®) (reR

where N is the number of query heads and
W,t)={t' eU: |t/ —t] < |w/2]} with bound-
ary clipping. The shared-token and layer-wise vari-
ants use the head average in Eq. 3; the head-aware
variant retains each query head’s pooled score and
performs allocation separately under that head’s
budget.

We divide U into contiguous allocation atoms
{A;}. Atoms define the allocation granularity,

while final surrogate regions can span multiple ad-
jacent atoms. This protects sharp salience peaks
as raw KV while allowing long low-salience runs
to become surrogate regions. Each atom receives
average and peak salience scores:

m; = meane 4, (s¢), pj =maxs;.  (4)

tEAj
The allocator combines them after rank normaliza-
tion:

¢; = max (rankig 1)(m;), rankjo 17(p;)) ,  (5)

where larger ranks indicate higher salience. Thus,
raw retention protects both broad regional evidence
and sharp local evidence.

4.2 Budgeted Region Allocation

Given a budget B, SurrogateKV assigns each non-
recent region C; an action

z; € {RAW, SURROGATE, DROP}. 6)

The packed cache satisfies

BRI+ Y G+ >

i:z;=RAW 1:2; =SURROGATE

1<B. (1)

The allocator first forms a raw/drop frontier
by retaining high-salience atoms. Contiguous
dropped runs seed surrogate candidates. Neigh-
boring candidates may be combined across in-
tervening raw atoms when the merged gain ex-
ceeds the sum of their separate gains; an admitted
span can therefore displace initially retained atoms.
For a candidate D, the allocator evaluates

GB(D) = vs(D) + bR(D)
—_——
preserved value
— lin(D) + din(D) + lpay (D)
raw-evidence cost

— Crog[AT(D)]4 + pi[dn(D)]: .

region and slot cost

®)
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Here vs(D) is the coherent residual score of D,
computed from its atom salience, and bg (D) cred-
its whole raw atoms restored with freed slots. The
terms /iy, din, and £,y account for raw value dis-
placed inside the span, its unrecovered compo-
nent, and raw atoms removed outside the span
to pay for admission. Ar denotes the change in
surrogate-region count, while ¢ g is the residual slot
change after explicit raw-payer exchanges. Their
positive parts are priced by cre; and the current
raw-slot price pg. Before admission, the allocator
recomputes G (D) under the current allocation
and accepts only feasible candidates with positive
gain. Adjacent atoms with the same action are then
merged into maximal regions before packing. This
step is agnostic to the budget source: shared-token,
layer-adaptive, or head-aware methods supply the
budget, while SurrogateKV decides whether each
region should be raw, surrogate, or dropped.

4.3 Surrogate Construction and Decoding

For each surrogate region C;, SurrogateKV con-
structs one region-level KV pair by mean-pooling
its keys and values separately:

it |c|Z Zs \crz”t

teC; teC;

Because high-mean or high-peak atoms are re-
tained as raw KV first, surrogate regions mainly
cover lower-salience contiguous spans. For keys,
the scale factor is capped at one to avoid amplifying
a low-norm mean key; for values, the constructor
restores the source-region RMS norm:

~ . ﬁ Ztec ||ktH2

ki = pfm 1], (o
P 1E ]2 + ¢ (10
A e, I3 )
u .
‘ 1) ]2+ €

Each allocated region C; contributes

KV¢,, z =Raw,
P = ﬁi, z; = SURROGATE, (12)
a, z; = DROP.

Here KV ¢, denotes original token-level KV en-
tries, and KV; = {(k;, 9;)} denotes the single sur-
rogate pair. The compressed cache is

KV = Pack(Py, ...

,Pv,KVR),  (13)

Algorithm 1 SurrogateKV compression

Require: @, K,V budget B, recent size n,
Ensure: Compressed cache KV
1: Split cache into non-recent U and recent suffix R
2: Keep R raw
Scoring

3: sy < recent-query token salience on U > Eq. 3
4: {A;} < contiguous atoms over U
5: {¢;} + atom salience from mean/peak ranks > Eq. 5

Allocation
6: Initialize raw/drop atom actions under budget B — |R|
7: Seed candidates from dropped runs; merge across raw
gaps when joint gain increases
8: Admit feasible candidates with Gg(D) > 0
9: {(C4, z:) M, + merge adjacent equal actions
Packing
10: fori=1,..., M do
11: if z; = SURROGATE then
12: KV; + {(k‘l,’fil)}
13: end if
14: end for
15: KV < packed raw entries, surrogate pairs, and R

16: return KV

> Eq. 8

> Egs. 10-11

where Pack(-) concatenates raw entries, surrogate
pairs, and the recent suffix along the cache dimen-
sion. Since every packed entry is a standard KV
pair, decoding uses the ordinary attention kernel.
Algorithm 1 gives a high-level pseudocode sum-
mary; Appendix B provides a more detailed com-
pression procedure.

5 Experiments

We evaluate whether SurrogateKV improves KV
compression under matched KV-slot budgets. Each
retained raw KV pair and each surrogate KV pair
consumes one slot, so gains reflect representation
choice rather than cache size. We report Long-
Bench quality, Needle-in-a-Haystack retrieval, at-
tention analysis, ablation, and serving efficiency.

5.1 Evaluation Setup

Benchmarks and metrics. We evaluate Long-
Bench (Bai et al., 2024) English workloads cov-
ering QA, summarization, few-shot learning, syn-
thetic retrieval, and code completion, using each
workload’s official metric and reporting the dataset
average. We also evaluate Needle-in-a-Haystack
(NIAH) retrieval (Kamradt, 2023) over context-
length and needle-depth grids. Appendix A gives
dataset and metric details.

Models, baselines, and variants. LongBench
uses LLaMA-3-8B-Instruct (Grattafiori et al.,
2024); NIAH uses Mistral-7B-Instruct-v0.2 (Jiang
et al., 2023). Baselines include FullKYV,

33647



== FullKV =e=H20 =e=SnapKV

PyramidKV =e= DynamicKV == Ada-KV

=eo= SurrogateKV-Snap =e= SurrogateKV-Dynamic =e= SurrogateKV-Ada

LongBench Avg.
28 8 8

w
r

Head-aware budget

42_ ____________ 7 ___ e T e ————— ‘ ___ Of _________w!'
-/:/' o/’ 1 .7—'
b 2
So = { # | A
< i /
= /' / 4
S 384 /s 1 4 .
Q s
)
&b 36 |4 E .
»—o] ° z
34+ / 4° i
1I T T T T TT T T T T TT T T T T
W B ¥ 3®F 3 o ¥ 3®F 3 4
SurrogateKV-Snap SurrogateKV-Dynamic SurrogateKV-Ada
< 100
80
°
7 60
<
S 40
s
2 20
o
© o
EE 3 M % ¥8{ o E % B®R O v y

KV cache budget Bky (slots/layer)

I Raw region

Surrogate coverage M Surrogate slots

Drop region

Figure 5: LongBench results under matched per-layer KV cache budgets. Top: all methods by budget; middle: the
same curves grouped by budget source, with dashed lines denoting FullKV. Bottom: source-position allocation into
raw, surrogate coverage, and drop; surrogate slots use packed-cache slot count, are not part of the stack, and are

overlaid downward and magnified.

H>0 (Zhang et al., 2023), SnapKV (Li et al.,
2024), PyramidKV (Cai et al., 2025), Dynam-
icKV (Zhou et al., 2025), and Ada-KV (Feng
et al.,, 2025). We group compressed baselines
by budget source: HyO/SnapKV use shared
token budgets, PyramidKV/DynamicKV layer-
adaptive budgets, and Ada-KV head-aware bud-
gets. We evaluate matched variants SurrogateK'V-
Snap, SurrogateKV-Dynamic, and SurrogateKV-
Ada, comparing each primarily with the baseline
using the same budget source. Representation-
preserving methods are discussed in Section 2.2;
Section 5.3 compares with CaM and D20.

Budgets and implementation. All compressed
methods use matched per-layer KV cache budgets
Bgy € {64,128,256,512,1024,2048}. Each
budget counts packed prefill KV pairs per layer,
including raw entries, surrogate entries, and the re-
cent suffix; generated-token KV is appended iden-
tically for all methods. For all SurrogateKV vari-

ants, recent-query salience follows SnapKV’s local
max-pooling window w = 7 (Li et al., 2024), and
allocation uses atom size ¢ = 4. We fix these val-
ues across datasets, budgets, and budget sources so
differences reflect representation allocation rather
than per-setting tuning. Unless otherwise stated,
decoding is deterministic and follows the official
benchmark settings.

5.2 LongBench Results

The top and middle panels of Figure 5 report
the official LongBench score, averaging the task-
specific metrics used by each dataset; higher scores
indicate better task quality. Across the sweep,
SurrogateKV-Snap improves SnapKV at all six
budgets, and SurrogateKV-Ada improves Ada-
KV at five of six budgets. Under the shared-
token budget, SurrogateKV-Snap improves over
SnapKV throughout the sweep, including gains
of 2.32 points at Bxy = 128 and 0.53 at
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3= H20 19.31 11.33 20.54 34.00 29.85 18.48 19.54  21.92 22.12 40.00 84.30 37.07  5.30 69.25 54.08 49.32 33.53

_EE: .“x: SnapKV 19.77  9.02 2751 35.97 27.85 18.03 16.14  20.71 16.32 38.50 86.40 36.34  4.78 68.83 53.84 51.83 33.24

S Iz SurrogateKV-Snap 21.13 1215 33.13 37.02 28.92 17.21 1588  21.38 15.31 51.00 87.64 33.18  5.38 69.33 54.08 51.88 34.66

H> = 2 PyramidKV 21.24 1393 29.56 34.45 23.49 16.03 18.74 2183 19.14 58.50 88.31 37.01  4.79 69.50 54.08 49.48 35.01

Q§ % ‘é. DynamicKV 21.82 11.94 30.08 33.93 24.98 17.42 18.54 22.13 18.99 53.50 87.12 3545 4.98 69.50 54.17 50.44 34.69
=3 SurrogateKV-Dynamic ~ 20.08 10.59 34.68 37.74 28.15 18.13 16.81 21.08 16.23 47.00 85.77 3248  5.50 68.45 54.48 52.39 34.35

2 E Ada-KV 20.69 9.67 30.89 40.46 27.77 18.03 1640  20.83 17.85 39.50 87.78 37.11  4.80 68.33 56.39 54.78 34.45

= Z SurrogateKV-Ada 21.63 9.98 31.52 39.99 30.61 18.59 16.54 21.44 17.81 40.50 88.62 36.55  5.08 69.33 56.94 55.22 35.02

= H20 2339 23.16 31.76 41.11 31.63 18.42 24.68 2236 25.57 69.00 90.37 40.87  5.38 69.50 60.01 57.67 39.68

~ é‘:‘ % SnapKV 2443 2342 3740 42.75 34.44 20.36 22.31 22.61 24.08 70.50 90.52 4045  5.31 69.50 59.94 56.14 40.26
= «n = SurrogateKV-Snap 23.14 2595 3947 44.22 33.89 21.36 21.89 2296 23.72 72.00 90.52 40.73  5.42 69.50 61.90 57.44 40.88

U 5 2 PyramidKV 2471 23.60 35.19 43.26 32.12 20.43 23.34 22,97 24.27 72.00 90.61 40.80  5.71 69.50 59.22 55.10 40.18

; 2 ‘g DynamicKV 2479 2470 36.63 43.60 32.51 20.13 2298 2281 24.57 72.00 90.39 40.79  5.61 69.50 61.33 57.34 40.60

Q =3 SurrogateKV-Dynamic ~ 24.35 25.86 37.57 43.54 3549 21.00 2220 2225 23.88 72.00 90.61 40.19  5.25 69.00 62.26 57.49 40.81
B g Ada-KV 25.09 2457 38.08 43.28 35.02 20.64 22.83 22.62 2425 73.00 90.61 40.72 5.22 69.25 60.38 56.83 40.77

T z SurrogateKV-Ada 25.28 25.72 38.53 44.02 35.38 20.26 2261 2312 24.27 73.50 90.48 4049  5.49 69.25 62.48 59.30 41.26

Table 1: LongBench scores on LLaMA-3-8B-Instruct at Bxy = 64 and By = 512 slots/layer. Each cell reports
the official score for the corresponding dataset, using that dataset’s task-specific metric; the Avg. column averages
these scores across datasets. Rows are grouped by allocation type. Blue shading identifies SurrogateK'V variants.
Bold marks the best score within each allocation group at the same budget.

1024. The head-aware variant is strongest in our
sweep: SurrogateKV-Ada improves over Ada-
KV at five of six budgets and reaches the best
compressed score at Bxy = 512, where it re-
mains close to FullKV with a much smaller pre-
fill cache. Its gains are 0.49/0.23/0.13 points at
512/1024/2048. On matched Qwen2.5-14B/72B
LongBench tasks (Yang et al., 2024), SurrogateK'V-
Snap exceeds SnapKV by 2.72/2.16 points at
Bkv = 512 (Appendix F).

The layer-adaptive results show that surrogate
allocation requires sufficient raw-token capacity:
SurrogateKV-Dynamic is below DynamicKV at
By € {64,128,256}, but improves over it from
Bkyv = 512 onward. From Bgy = 128 to 512,
the raw allocation grows and the measured source
tokens represented per surrogate fall from 972
to 290. Over the same range, the gap between
SurrogateKV-Dynamic and DynamicKV changes
from —0.60 to 4-0.20 points.

The bottom panels distinguish source-position
coverage from resident slots: one surrogate slot
can represent a longer contiguous run, so its cov-
erage remains visible even when the stored slot
band is narrow. As the budget grows, raw cover-
age increases and the average span represented by
each surrogate contracts, leaving more exact KV
capacity for sparse evidence.

Table 1 gives the workload-level details behind
these averages at Bxy = 64 and 512, using each
dataset’s official metric. At Bxy = 512, gains
concentrate on QA and code. SurrogateKV-Snap

LongBench score

Method Bxv = 128 Bxv = 512
CaM 34.78 37.04
D20 34.79 39.50
SurrogateKV-Snap 37.99 40.88

Table 2: LongBench comparison with merging base-
lines. CaM and SurrogateKV use fixed slot bud-
gets; D20 uses its released retention-ratio settings
targeting approximately 128/512 states. Blue marks
SurrogateKV-Snap.

improves over SnapKV on single-document QA,
multi-document QA, and code, while SurrogateKV-
Ada gives its largest gain on code; the other cate-
gories show smaller or budget-dependent changes.

5.3 Comparison with Merging-Based
Compression

Table 2 compares SurrogateKV-Snap with
CaM (Zhang et al., 2024) and D20 (Wan et al.,
2025) at two cache-size settings. CaM and
SurrogateKV use fixed slot budgets, whereas
D20 uses its released retention-ratio settings
targeting approximately 128/512 states. At
Bgy = 128/512, SurrogateKV-Snap exceeds the
stronger merging baseline by 3.20/1.38 points.
Thus, assigning part of a fixed slot budget to
independently addressable regional surrogates
can outperform the evaluated merging baselines.
Section 2.2 and Appendix C provide design and
workload details.
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Figure 6: Needle-in-a-Haystack retrieval heatmaps at a fixed per-layer KV cache budget of By = 128 slots/layer.
The x-axis denotes context length, the y-axis denotes needle depth, and scores are reported on a 0—100 scale.

5.4 Needle-in-a-Haystack Retrieval

NIAH isolates remote-evidence retrieval. At
Byy = 128, all three variants improve over
their matched baselines; SurrogateKV-Snap and
SurrogateKV-Ada gain 11.33 and 8.14 points, re-
spectively. For SurrogateKV-Ada, accuracy re-
mains high at interior depths (11-89%) and at the
0/100% boundaries (97.84/99.56, respectively). To-
gether, the budget sweep and NIAH results are con-
sistent with raw entries preserving sparse evidence
and surrogates restoring coverage over evicted con-
text.

5.5 Attention-Shift Diagnostics

We also measure how compression changes the
concentration of the first decoded token’s attention.
For each matched example, layer, and head, we
compute the normalized entropy shift from FullKV,

H(apuirv)
log |apuikv|

H(amethod) -
IOg |ameth0d|

Ay =

Lower values indicate that the compressed cache
preserves the concentration of the FullKV atten-
tion pattern more closely. Figure 7 focuses on
the head-aware setting, where SurrogateKV-Ada
reduces the mean layer-head shift from Ada-KV.
Appendix E reports the full diagnostics across

SurrogateKV-Ada

Layer

Normalized entropy shift

Figure 7: Attention-shift diagnostics for the head-aware
allocation group under a per-layer budget of Bxy = 64
slots/layer. Lower normalized entropy shifts indicate
attention concentration closer to FullKV.

all allocation groups; SurrogateKV-Snap and
SurrogateKV-Ada reduce the mean shift, while
SurrogateKV-Dynamic remains comparable to Dy-
namicKV.

5.6 Ablation Study

Candidate selection and allocation. On 20 ex-
amples per workload at Bxy = 512, removing
SURROGATE costs 1.77 points, while fixed quotas
of 253-757 surrogates score 40.33—40.51. Thus,
gains come from region selection and retained raw
KV, not a preset surrogate count.
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Ablation Setting LB Avg.T # Sur.
Full method SurrogateK'V-Snap 42.21 397
No surrogate Raw/drop only 40.44 0
p=0.25 40.51 253
Fixed quota p = 0.50 40.33 505
p=0.75 4040 757
Mean only 42.17 397
Constructor Attention-weighted mean 42.08 397
Salience-pivot 42.17 397
Cosine medoid 42.17 397
c=2 42.38 551
Atomsize c¢=28 42.07 339
c=16 41.89 290

Table 3: LongBench ablations on LLaMA-3-8B-Instruct
at Bxy = 512 (16 workloads, 20 examples each). The
blue full method uses adaptive admission, mean+norm,
and ¢ = 4; controls vary quota, constructor, or atom
size. # Sur. is the mean admitted surrogate count.

Surrogate construction. With candidate selec-
tion and ¢ = 4 fixed, alternative constructors re-
main within 0.14 points of mean+norm, and the
four lightweight choices tie at Bxy = 128. The
small spread indicates that constructor choice con-
tributes less than selective admission.

Atom granularity. Finer ¢ = 2 atoms add 0.17
points at By = 512 but raise compression-side
time by 69%; c¢ = 4 also gives the best method-
averaged result at Bxy = 128 and is the default
used throughout the evaluation.

5.7 Serving Efficiency

Table 4 reports 32K-input/8K-output generation
on LLaMA-3-8B-Instruct at Bxy = 128. TTFT
includes the one-time construction cost; the
resident-KV columns exclude temporary construc-
tion buffers and remain fixed because surrogate
entries replace, rather than supplement, baseline
slots. The implementation scores candidates be-
fore materializing prototypes, constructs proto-
types only for admitted regions, and directly packs
the accepted raw and surrogate entries. Relative to
the matched baselines, SurrogateKV adds 0.29—
0.30s to TTFT, changes decode throughput by
at most 0.25 tokens/s, retains the same resident
KV footprint, and changes end-to-end latency by
—0.07% to +0.86%. For the merging baselines
in Table 2, CaM'’s construction-inclusive TTFT is
23.48/23.24 s at By = 128/512, compared with
0.89/0.95 s for SurrogateKV-Snap; under matched
input/output settings, D20’s generation time per
output token is 4.88x that of SurrogateKV-Snap.

Runtime Resident KV
Method

TTFT | Decode 1 Lat. | Prefill | Decode |

(s)  (tok/s) (s) (GB) (GB)

FullKV 4.07 29.31 283.57 4.000 5.000
SnapKV 4.13 32.66 25491 0.016 1.016
SurrogateK'V-Snap 4.42 3270 254.93 0.016 1.016
DynamicKV 4.15 32.63 255.20 0.016 1.016
SurrogateKV-Dynamic 4.45 32.69 255.02 0.016 1.016
Ada-KV 4.15 33.00 252.36 0.016 1.016
SurrogateKV-Ada 4.44 3275 254.54 0.016 1.016

Table 4: 32K/8K generation efficiency on LLaMA-3-8B-
Instruct at Bxy = 128. Blue rows mark SurrogateKV
variants; Decode is tokens/s and KV columns are resi-
dent GQA-compact tensors under the matched slot limit.

Appendix F reports multi-token and context-scaling
measurements.

6 Conclusion

We presented SurrogateKV, a training-free KV
cache compression method that treats compres-
sion as a representation-allocation problem. Un-
der a fixed cache budget, SurrogateK'V keeps high-
salience regions as raw KV, summarizes selected
lower-salience contiguous regions as surrogate
KV, and drops the rest. The surrogate represen-
tation addresses a limitation observed in prior KV-
compression studies, where removing important
KV states or losing information from dropped
tokens degrades long-context benchmark perfor-
mance. Across shared-token, layer-adaptive, and
head-aware variants, every packed entry remains
an ordinary KV pair and decoding uses standard
attention.

SurrogateKV-Ada improves over Ada-KV by
0.49 LongBench points at Bxy = 512 while
preserving 98.4% of FullKV performance, and
SurrogateKV-Snap improves NIAH retrieval from
87.51 to 98.84 at By = 128. These quality gains
incur a small TTFT overhead from one-time surro-
gate construction after prefill. Across the sweep,
SurrogateKV-Snap improves at all six budgets and
SurrogateKV-Ada at five; ablations identify selec-
tive admission as the main source of gain. This
extends fixed-budget KV compression from token
selection to representation allocation.

33651



Limitations

Allocation balance remains important. Surro-
gateKV relies on the budget supplied by the un-
derlying compressor, and its gains are strongest
when that budget leaves room for both raw evi-
dence and surrogate coverage. The layer-adaptive
results illustrate this dependence: very small or
uneven per-layer budgets can leave too little exact
raw KV for sparse evidence. Better joint optimiza-
tion of layer/head budgets and surrogate selection
remains future work.

Surrogate  construction is deliberately
lightweight. SurrogateKV uses determinis-
tic mean prototypes with norm calibration and
constructs them once after prefill. This keeps the
method training-free and compatible with standard
attention, but heterogeneous regions or sparse
query-critical evidence can be blurred by pooling.
The scoring, allocation, and construction steps also
add a measured one-time prefill-side cost.

The evaluated integrations construct the packed
cache once after prefill. H5O instead updates token-
level heavy-hitter scores during decoding, so com-
bining it with regional surrogates requires defining
how a variable-length region is scored and updated
online. A query-aware selector such as QUEST or
SparQ could operate over SurrogateKV’s packed
raw and surrogate entries, but this combination is
not evaluated here.

Evaluation scope. The main LongBench and
NIAH evaluations use LLaMA-3-8B-Instruct and
Mistral-7B-Instruct-v0.2, respectively. Matched
Qwen2.5-14B/72B LongBench tasks and context-
scaling measurements extend the evaluation. More
model families and longer real end-to-end work-
loads would further test generality.

Ethics and Reproducibility Statements

Ethics. SurrogateKV is an inference-time KV-
cache compression method. It does not train on
additional data, collect user data, or modify model
parameters. The main risk is indirect: compression
can change which contextual information remains
available during decoding, which may affect fac-
tuality, retrieval accuracy, or robustness on sensi-
tive inputs. For deployment, cache-compression
budgets and settings should therefore be reported
together with task quality, and applications with
high factual or safety requirements should validate
compressed inference under their target workloads.

Reproducibility. Code and artifacts are available
at https://github.com/kimjunewon/
SurrogateKV. The artifact includes the
SurrogateKV runtime, evaluation entry points,
cache-compression configurations, exported
experiment data, NIAH heatmaps, and the CSV
files used to reproduce the main tables and
figures. Efficiency measurements use Hugging
Face generation on NVIDIA A100 80GB PCle
GPUs. We report the public model checkpoints,
benchmark sources, budgets, and method variants
used in the experiments; model weights and
benchmark datasets are not redistributed.
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A Experimental Details

A.1 Model, Decoding, and Budgets

LongBench experiments use LLaMA-3-8B-
Instruct (Grattafiori et al., 2024). Needle-in-a-
Haystack (NIAH) experiments use Mistral-7B-
Instruct-v0.2 (Jiang et al., 2023). Benchmark
evaluations use deterministic decoding and the
official prompt and maximum-output settings of
each benchmark. We sweep per-layer KV cache
budgets By € {64,128,256,512,1024, 2048},
where one retained raw KV pair and one surrogate
KV pair each consume one slot. Generated-token
KV is appended identically for all methods.
For SurrogateKV, recent-query salience uses
local max pooling with window w = 7, and
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allocation uses atom size ¢ = 4. The recent
suffix contains 32 tokens for the shared-token and
head-aware variants and 8 for the layer-adaptive
variant, following the corresponding base profiles.
Runtime measurements use NVIDIA A100 80GB
PCle GPUs with PyTorch 2.11.0 and Transformers
4.44.2. Serving measurements use batch size 1 on
a single GPU without tensor parallelism, FP16
weights, FlashAttention 2, fixed-length greedy de-
coding, and no EOS early termination. TTFT runs
from generation-call start through prefill, cache
construction, and first-token selection; decode
throughput is (Noy — 1)/(latency — TTFT), and
latency covers the complete generation call for the
stated input/output lengths.

A.2 Benchmarks and Metrics

Table 5 summarizes the workloads and metrics used
in our evaluation. LongBench scores follow the of-
ficial evaluation protocol (Bai et al., 2024) and are
averaged across datasets. NIAH is reported sepa-
rately as a retrieval diagnostic and is not included
in the LongBench average.

B Detailed Compression Procedure

Algorithm 2 expands the compression procedure
in Section 4. It first forms a raw/drop frontier and
then admits feasible candidate runs with positive
gain under Eq. 8. The action costs are |C}|, 1, and
0 slots for RAW, SURROGATE, and DROP, respec-
tively. Because packed entries are ordinary KV
pairs, variable compressed lengths can be handled
with standard padding or paged-cache metadata.

C Additional LongBench Results

Table 6 gives the full LongBench table across
all evaluated budgets. Table 7 gives the per-
workload CaM, D20, and SurrogateKV-Snap com-
parison at Bxy = 128 and 512. For CaM,
construction-inclusive TTFT is 23.48/23.24 s at
Bgy = 128/512, compared with 0.89/0.95 s
for SurrogateKV-Snap. Under the matched in-
put/output protocol, D20’s generation time per
output token is 4.88x that of SurrogateKV-Snap.
Figures 8—10 provide the corresponding workload-
level score curves and allocation composition for
each allocation group. Each allocation panel av-
erages source-position shares within its workload
group, so the shares vary with input length and
admitted region span even at the same slot budget.

The surrogate-slot band is enlarged downward for
visibility; the underlying rates are unchanged.

D Additional Needle-in-a-Haystack
Results

Figure 11 reports the same NIAH diagnostic as
Section 5.4, but under the more aggressive bud-
get Bxy = 64. At this budget, SurrogateKV-
Snap improves SnapKV from 66.08 to 85.17 aver-
age retrieval accuracy, and SurrogateKV-Ada im-
proves Ada-KV from 72.13 to 97.60. SurrogateKV-
Dynamic is lower than DynamicKV at this tight
budget, consistent with its LongBench budget
trend.

E Additional Attention-Shift Diagnostics

Figure 12 reports layer-head and workload-level
attention shifts across the three allocation groups.

F Model, Context, and Layer-Wise
Scaling

Table 8 reports matched Qwen2.5-14B and
Qwen2.5-72B LongBench task results (Yang et al.,
2024). At Bgy = 512, SurrogateKV-Snap im-
proves SnapKV by 2.72 and 2.16 points; at By =
128, the changes are +0.55 and —0.43. At Bxy =
512, both larger models show positive gains; the
mixed results at Bxy = 128 indicate that model
size alone does not remove sensitivity to cache bud-
get.

In a separate one-token context-scaling run
at Bxy = 128, TTFT overhead is 0.29/0.57s
at 8K/32K on LLaMA-3-8B and 0.28/0.80s on
Qwen2.5-14B; model loading and tokenization are
excluded. As baseline TTFT grows with context
length, the relative overhead falls from 39.1% to
14.5% and from 20.2% to 10.7%, respectively.
From Biy = 128 to 512, SurrogateKV-Dynamic
moves from —0.60 to +0.20 relative to Dynam-
icKV. Over the same range, source tokens repre-
sented per surrogate fall from 972 to 290 as raw al-
location grows, matching the recovery in the Long-
Bench sweep.

Table 9 reports generation efficiency at 8K/2K
and 16K/4K input/output lengths. Across these
settings, the SurrogateKV variants add 0.13-0.20s
to TTFT, keep the same resident KV footprints, and
change decode throughput by at most 0.69 tokens/s
relative to their matched baselines.
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Benchmark Category Workloads Language Metric

Single-doc QA NarrativeQA (Kocisky et al., 2018), Qasper (Dasigi English F1
et al., 2021), MultiFieldQA-en (Bai et al., 2024)
LoneBench Multi-doc QA HotpotQA (Yang et al., 2018), 2WikiMQA (Ho English Fl1
ongbenc et al., 2020), MuSiQue (Trivedi et al., 2022)
Summarization GovReport (Huang et al., 2021), QMSum (Zhong  English ROUGE-L
et al., 2021), MultiNews (Fabbri et al., 2019)
Few-shot learning TREC (Li and Roth, 2002), TriviaQA (Joshi et al., English Acc., F1,
2017), SAMSum (Gliwa et al., 2019) ROUGE-L
Synthetic retrieval ~ PassageCount, PassageRetrieval-en (Bai et al., English Accuracy
2024)
Code completion  LCC (Guo et al., 2023), RepoBench-P (Liu et al.,  Python, Java, C# Edit
2024) similarity
NIAH Retrieval Synthetic needle retrieval over varying context English Retrieval
diagnostic lengths and needle depths accuracy

Table 5: Workload categories, languages, and metrics for LongBench (Bai et al., 2024) and Needle-in-a-Haystack
(NIAH) (Kamradt, 2023).

Algorithm 2 Detailed SurrogateK'V compression procedure

Require: Prefill states @), K, V, cache budget B, recent size n.., atom size ¢, pooling window w

Ensure: Packed compressed cache KV

1: Split cache positions into non-recent prefix U = {1,...,T — n,} andrecent suffix R = {T" —n, +1,...,T}

2: Keep all tokens in R as RAW; set remaining budget B’ < B — |R|
Step 1: Salience and atoms

3: Compute recent-query salience {s; }+cu using Eq. 3

4: Partition U into contiguous atoms {A;}7_, of size ¢

5: For every Aj, set m; < meanie 4, (s¢) and p; < maxiea; st

6: Set every ¢; from the rank-normalized m; and p; using Eq. 5
Step 2: Raw/drop frontier

7: Initialize every atom in U as DROP; set used budget b <— 0

8: for each atom A; in descending order of ¢; do

9 ifb+ |A;| < B’ then

10: Mark A; as RAW; update b < b + | 4]
11: end if
12: end for

Step 3: Surrogate selection
13: Seed candidates with maximal contiguous DROP runs bounded by RAW
14: Add beneficial combinations of neighboring candidates across intervening RAW atoms
15: for each candidate Dy, in descending initial gain order do

16: Recompute G g (Dy;) and the lowest-value outside RAW payer set under the current allocation
17: if Dy, is feasible and Gg(Dy) > 0 then

18: Mark raw atoms absorbed by D, and its payer set as DROP

19: Mark Dy as SURROGATE

20: Refill whole-atom slack with the highest-value dropped atoms that fit

21: Recompute b from the RAW/SURROGATE/DROP action costs

22: end if

23: end for

Step 4: Region formation and packing
24: Merge adjacent atoms with the same action into maximal regions {(C, z;) }2£,
25: Initialize packed cache KV < ()
26: for:=1,...,M do
27: if z; = RAW then

28: Append original token-level entries KV ¢,

29: else if 2; = SURROGATE then )

30: Compute mean prototypes X, 1Y and calibrated surrogate pair (ks,0;) using Egs. 10-11
31: Append surrogate pair {(k;, 9;)}

32: end if

33: end for o

34: Append recent suffix KV to KV

35: return KV
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Single-Doc. QA Multi-Doc. QA Summarization Few-shot Learning Synthetic Code
ati A aiQd e ot . o
Budget Allocation Method \“‘“QP‘ QAS\,@; N\?'e‘\ \,\0\90&(1 . \ﬂ'\\o“'\ N\\)S‘Q\) e Gy QN\S‘““ N\“\“ﬂe ?&C . \I‘&Q PsN\S“ ? CO““\ oRe \,CC v&’? Avg.
Full cache 2556 32.15 39.71 43.56 3572 21.18 2876 2321 26.62 74.00 90.48 42,59  4.7169.25 59.19 54.05 41.92
3= H20 1931 11.33 20.54 34.00 29.85 18.48 19.54 2192 22.12 40.00 84.30 37.07 530 69.25 54.08 49.32 33.53
< 52 SnapKV 19.77  9.02 27.51 3597 27.85 18.03 16.14  20.71 16.32 38.50 86.40 36.34 478 68.83 53.84 51.83 33.24
© ] SurrogateK V-Snap 21.13 1215 3313 37.02 28.92 17.21 1588  21.38 15.31 51.00 87.64 33.18  5.38 69.33 54.08 51.88 34.66
Il
> w2 PyramidKV 21.24 13.93 29.56 34.45 23.49 16.03 18.74  21.83 19.14 58.50 88.31 37.01 479 69.50 54.08 49.48 35.01
X 22 DynamicKV 21.82 11.94 30.08 33.93 24.98 17.42 18.54 2213 18.99 53.50 87.12 3545 4.98 69.50 54.17 50.44 34.69
Q 5 & SurrogateKV-Dynamic ~ 20.08 10.59 34.68 37.74 28.15 18.13 16.81  21.08 16.23 47.00 85.77 3248  5.50 68.45 54.48 52.39 34.35
3
2 Ada-KV 20.69  9.67 30.89 40.46 27.77 18.03 16.40  20.83 17.85 39.50 87.78 37.11  4.80 68.33 56.39 54.78 34.45
2 SurrogateKV-Ada 21.63  9.98 31.52 39.99 30.61 18.59 16.54 21.44 17.81 40.50 88.62 36.55  5.08 69.33 56.94 55.22 35.02
2= H20 2345 14.55 2529 35.68 29.09 18.05 21.54  21.59 23.75 46.50 88.23 38.46  5.50 68.75 56.56 52.00 35.56
k] 52 SnapKV 20.98 13.85 31.80 36.61 29.85 19.18 19.19  21.54 20.55 45.00 87.80 3778  4.63 68.85 57.70 55.33 35.66
— 5 2 SurrogateK V-Snap 2298 14.14 35.40 43.71 32.52 20.95 1870 21.49 19.22 66.00 89.73 36.31  5.25 69.50 56.78 55.14 37.99
I o 2 PyramidKV 21.86 17.12 31.90 38.59 28.82 18.67 1998 2235 20.72 67.00 89.35 3837  5.4269.00 57.63 52.04 37.43
; 22 DynamicKV 2223 14.85 3430 41.23 28.93 19.87 2037 2222 21.11 66.00 89.34 38.70  4.22 69.50 57.64 54.34 37.80
] S SurrogateKV-Dynamic ~ 22.38 16.97 35.01 40.60 31.66 19.65 18.92  21.46 20.23 60.00 88.69 3247 526 69.50 57.86 54.59 37.20
1
2 Ada-KV 23.16 17.15 33.99 42.28 35.29 19.34 19.76  22.19 21.04 63.50 90.72 38.71  5.54 69.50 58.50 56.85 38.59
2 SurrogateK'V-Ada 2093 18.29 34.57 41.04 35.19 20.54 1970 21.79 20.98 61.50 90.81 3752 5.8569.25 60.19 56.62 38.42
3= H20 2341 1822 28.60 38.20 33.24 17.38 2294 2198 24.83 59.50 88.46 40.06  5.02 68.83 59.98 54.28 37.81
9 52 SnapKV 2397 1824 3443 42.07 34.02 20.96 20.67 2238 2235 62.50 90.14 39.44  5.2569.50 59.66 56.63 38.89
« 5 2 SurrogateKV-Snap 2381 19.72 35.67 44.44 33.44 21.03 20.03 2249 21.95 69.50 90.44 39.59  5.2569.00 60.47 56.17 39.56
I w 2 PyramidKV 23.97 2024 3541 42.47 31.44 20.12 2127 2274 22.60 71.50 90.48 40.00  5.33 69.50 58.38 53.88 39.33
; 2,2 DynamicKV 23.64 19.57 36.59 43.29 33.46 20.13 21.66  22.52 22.89 71.00 90.02 39.80  4.97 69.50 60.41 55.78 39.70
] 33 SurrogateKV-Dynamic 2330 22.77 36.99 43.14 3232 20.05 2036 22.60 22.37 69.50 90.64 3596  5.0569.00 59.55 56.42 39.38
1
2 Ada-KV 24.52 2242 37.61 43.90 33.01 20.62 2148  21.90 22.84 70.00 90.32 39.58  5.37 69.50 60.48 56.34 39.99
2 SurrogateK V-Ada 24.37 22.74 38.26 43.27 3343 20.74 2122 22,08 22.77 69.50 90.66 39.38  5.87 69.50 60.93 58.38 40.19
3= H20 23.39 23.16 31.76 41.11 31.63 18.42 24.68 2236 25.57 69.00 90.37 40.87  5.38 69.50 60.01 57.67 39.68
N R SnapKV 2443 2342 3740 42.75 34.44 20.36 2231 22.61 24.08 70.50 90.52 4045 5.3169.50 59.94 56.14 40.26
o ] SurrogateKV-Snap 23.14 2595 3947 44.22 33.89 21.36 21.89 2296 23.72 72.00 90.52 40.73  5.42 69.50 61.90 57.44 40.88
I w 2 PyramidKV 2471 23.60 35.19 43.26 32.12 20.43 23.34 2297 24.27 72.00 90.61 40.80  5.71 69.50 59.22 55.10 40.18
; 2,2 DynamicKV 2479 2470 36.63 43.60 32.51 20.13 2298 2281 24.57 72.00 90.39 40.79  5.61 69.50 61.33 57.34 40.60
o] R SurrogateKV-Dynamic 2435 25.86 37.57 43.54 3549 21.00 2220 2225 23.88 72.00 90.61 40.19  5.2569.00 62.26 57.49 40.81
3
2 Ada-KV 25.09 24.57 38.08 43.28 35.02 20.64 22.83 2262 24.25 73.00 90.61 40.72  5.22 69.25 60.38 56.83 40.77
2 SurrogateKV-Ada 2528 25.72 38.53 44.02 35.38 20.26 2261 2312 24.27 73.50 90.48 4049  5.49 69.25 62.48 59.30 41.26
B = H20 2490 2720 35.04 41.80 31.72 18.54 2597 2257 26.16 73.00 91.32 41.18  5.3269.25 59.38 57.47 40.68
3 R SnapKV 2491 2592 37.67 43.84 35.07 20.06 2429 2243 25.57 73.00 90.56 40.54  5.16 69.25 60.27 56.25 40.92
= 52 SurrogateKV-Snap 25.67 29.93 3835 44.36 34.57 21.10 2425 22.88 25.18 72.50 90.56 41.56  5.14 69.00 60.69 57.50 41.45
I o 2 PyramidKV 25.38 26.37 37.83 43.93 3437 21.69 24.63 2256 25.54 72.50 90.56 41.68  5.38 69.25 59.65 55.37 41.04
> 2,2 DynamicKV 25.13 2699 39.03 43.90 3422 20.13 2427 2279 25.40 72.50 90.56 41.65  5.3169.50 60.79 56.83 41.19
r:é ] SurrogateKV-Dynamic ~ 25.82 28.91 39.21 4330 34.28 20.27 2432 22.69 25.07 72.50 90.56 41.88  5.19 69.00 60.70 56.73 41.28
2 Ada-KV 25.32 28.84 39.24 43.46 35.61 20.41 2428 2310 25.48 73.50 90.56 41.61  4.96 69.25 60.47 56.78 41.43
2 SurrogateKV-Ada 2538 29.20 39.02 44.02 36.64 20.20 2409 2285 25.33 74.00 90.43 42,13  5.42 69.25 60.81 57.70 41.65
B = H20 26.09 28.86 37.18 4329 34.09 19.98 2753  23.03 26.60 73.50 90.93 41.80  5.38 69.50 59.30 57.16 41.51
% R SnapKV 25.86 29.50 39.41 43.84 35.88 21.41 2585 23.23 26.32 74.00 90.56 41.68  5.16 69.25 59.86 55.63 41.72
5 52 SurrogateKV-Snap 26.29 30.73 39.15 43.89 35.35 21.65 2629 23.23 26.22 73.00 90.56 4224  5.14 68.75 59.66 56.37 41.78
I o 2 PyramidKV 2540 29.69 38.49 43.69 35.86 21.53 27.09 2329 26.14 73.50 90.56 42,17 4.93 69.25 59.90 55.47 41.69
> 2,2  DynamicKV 2544 2870 39.47 43.53 34.99 21.42 26.06  23.33 26.33 73.00 90.56 4249 523 69.25 59.52 56.18 41.59
EQX ] SurrogateKV-Dynamic ~ 25.94 30.68 40.11 43.52 34.84 21.55 2634 23.16 26.35 73.00 90.56 42.15  5.04 69.00 59.78 56.79 41.80
2 Ada-KV 25.67 30.80 39.56 43.56 35.79 21.55 25.62  23.46 26.39 74.00 90.56 4223 4.59 69.25 59.47 55.51 41.75
2 SurrogateKV-Ada 25.84 30.69 39.85 4.11 3572 21.84 2646  23.37 26.31 74.00 90.64 42,02 4.79 69.25 59.72 55.47 41.88

Table 6: Full LongBench results; blue rows denote SurrogateKV variants and bold marks the best score within each

allocation group.

Single-Doc. QA Multi-Doc. QA S F hot Learning Synthetic Code
A aaQ> ort WS QD W
Budget Method - mQPs Q%S?ex N\?'e“ \I\O‘QQ‘Q i~ \\QN\ }A“S‘Q“ Qo“‘{e\) Q N\S\““ N\“\“ﬂe “&C ,“'\\I\BQ SFN\S“ o CO““\ PRE cC ?3"? Avg.
Il CaM 19.91 14.37 3145 37.53 26.63 20.16 2055  22.29 20.27 34.50 89.17 39.63  4.67 70.50 54.67 50.21 34.78
i § D20 23.64 17.34 26.35 41.45 32.99 17.97 22.78 18.32 18.65 54.00 89.77 33.33  4.80 69.12 40.05 46.04 34.79
aq) SurrogateKV-Snap ~ 22.98 14.14 35.40 43.71 32.52 20.95 18.70  21.49 19.22 66.00 89.73 36.31 5.25 69.50 56.78 55.14 37.99
Il CaM 2239 19.81 34.70 41.95 29.77 19.97 21.77  22.46 23.52 39.50 90.29 41.67  4.65 70.25 56.34 53.63 37.04
; E D20 24.14 20.18 31.89 42.60 37.26 19.64 23.68 22.16 23.61 69.00 91.36 40.44  5.79 69.00 55.78 55.45 39.50
8] SurrogateKV-Snap ~ 23.14 2595 39.47 44.22 33.89 21.36 21.89  22.96 23.72 72.00 90.52 40.73  5.42 69.50 61.90 57.44 40.88

Table 7: Per-workload results at Bxy = 128/512; blue rows denote SurrogateKV-Snap and bold marks the best
score within each budget.

Qwen2.5-14B

Qwen2.5-72B

Bkv  SnapKV  SurrogateKV-Snap A  SnapKV  SurrogateKV-Snap A
128 30.34 30.89  +0.55 38.44 38.01 -0.43
512 32.77 3549 4272 46.35 48.52  +2.16

Table 8: Matched LongBench task averages for larger Qwen2.5-Instruct models; deltas are computed before rounding.
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Figure 8: Workload-level LongBench score curves and source-position allocation for the shared-token budget group.
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Figure 10: Workload-level LongBench score curves and source-position allocation for the head-aware budget group.
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Figure 11: Needle-in-a-Haystack retrieval heatmaps at By = 64 slots/layer. The x-axis denotes context length, the
y-axis denotes needle depth, and scores are reported on a 0-100 scale. SurrogateKV-Snap and SurrogateKV-Ada
recover more needle positions than their matched baselines at this aggressive budget (66.08 to 85.17 and 72.13 to
97.60, respectively), while SurrogateKV-Dynamic is less reliable.
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Figure 12: Attention-shift diagnostics at By = 64 slots/layer. Top: layer-head shifts, with titles reporting means.
Bottom: workload distributions; square markers, vertical ticks, and horizontal bars denote the mean, median, and
interquartile range. Lower normalized entropy shifts indicate attention concentration closer to FullKV.

Input Output Method TTFT | Decode 1 Lat. | Prefill KV | Decode KV |

(s) (tok/s) (s) (GB) (GB)
8K 2K FullKV 0.80 32.67 63.45 1.000 1.250
8K 2K SnapKV 0.76 32.86 63.06 0.016 0.266
8K 2K SurrogateK'V-Snap 0.94 32.99 63.00 0.016 0.266
8K 2K DynamicKV 0.79 32.87 63.06 0.016 0.266
8K 2K SurrogateKV-Dynamic 0.95 32.18 64.55 0.016 0.266
8K 2K Ada-KV 0.78 32.83 63.14 0.016 0.266
8K 2K SurrogateKV-Ada 0.91 32.78 63.35 0.016 0.266
16K 4K FullKV 1.67 32.19 128.90 2.000 2.500
16K 4K SnapKV 1.70 32.70 126.93 0.016 0.516
16K 4K SurrogateKV-Snap 1.88 32.72 127.05 0.016 0.516
16K 4K DynamicKV 1.72 32.61 127.31 0.016 0.516
16K 4K SurrogateKV-Dynamic 1.89 32.76 126.90 0.016 0.516
16K 4K Ada-KV 1.71 32.97 125.94 0.016 0.516
16K 4K SurrogateKV-Ada 1.91 32.80 126.75 0.016 0.516

Table 9: Generation efficiency at 8K/2K and 16K/4K input/output lengths on LLaMA-3-8B-Instruct at Bxy = 128.
Runtime reports TTFT, decode throughput, and end-to-end latency; KV columns report resident GQA-compact
prefill and decode tensors.
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