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Abstract

Decoding-time KV cache compression re-
search focuses heavily on designing better
token scoring functions, while the temporal
rule that aggregates scores across decode steps
is often treated as an implementation detail.
Under aggressive KV compression, we find
that exponential-moving-average (EMA) aggre-
gation makes approximately order-preserving
scorer modifications largely indistinguishable
at the eviction-set level. Value-norm and en-
tropy variants remain highly correlated with at-
tention and produce nearly unchanged retention
sets, whereas KeyDiff, key norm, recency, and
a learned scorer alter the ranking and degrade
substantially. We associate this stability with
the evaluated aggregation, which couples layer
weighting and temporal retention. Building
on this observation, we introduce InertiaKV,
an EMA-based decoding-time eviction method,
and InertiaKV-Lazy, its periodic-refresh vari-
ant, which yields 1.34-1.46 x decode through-
put relative to full refresh InertiaK'V. We also
study Score-Free decoding as a separate em-
pirical operating point: it scores the full con-
text once at the first decode step, freezes that
ranking, and incurs an average quality change
of +0.03 while removing all subsequent scor-
ing. Across six open-weight backbones and
the LongBench, LongBench-v2, and RULER
benchmarks, the results identify temporal ag-
gregation and ranking preservation as distinct,
consequential design factors; they do not imply
that scoring quality is irrelevant in general.

1 Introduction

Decoding-time KV cache compression (Zhang
et al., 2023; Liu et al., 2023; Oren et al., 2024)
is a sequential decision problem: at each genera-
tion step, the compressor must decide which tokens
to retain and which to permanently evict under a
fixed memory budget. This decision decomposes
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into two commonly discussed design axes: (1) a
per-step scoring function that estimates each to-
ken’s current importance, and (2) an aggregation
rule that combines scores across decoder layers and
decode steps into the running utility estimate that
drives eviction.

Existing methods focus primarily on the first
axis: H20 (Zhang et al., 2023) accumulates atten-
tion mass, TOVA (Oren et al., 2024) ranks by last-
query attention, ScissorHands (Liu et al., 2023) ex-
ploits attention persistence patterns, AdaKV (Feng
et al., 2025) adapts budgets across heads, FastGen
(Ge et al., 2024) uses model-aware adaptive com-
pression, KeyDiff (Park et al., 2025) scores by key
geometry. Prefill-time methods such as SnapKV
(Li et al., 2024) select tokens before generation
begins; orthogonal techniques reduce per-token
cost via quantization (Liu et al., 2024) or cross-
layer sharing (Brandon et al., 2024). The aggrega-
tion axis (single-step, cumulative sum, or bounded-
memory smoothing) is treated as an implementa-
tion detail rather than a first-class design choice.

At moderate compression rates, existing meth-
ods generally maintain acceptable quality. Under
aggressive compression, however, this no longer
holds: on RULER (Hsieh et al., 2024), as the KV
budget shrinks from 50% to 10%, TOVA, SnapKYV,
and AdaKYV all degrade substantially, albeit at dif-
ferent rates, despite employing fundamentally dif-
ferent scoring functions (Table 1). This shared
degradation across diverse scorers suggests that
scoring alone may not determine quality in this
regime. Prior work has rarely isolated scoring from
temporal aggregation; they are typically evaluated
as a coupled system, leaving open which axis gov-
erns quality at such aggressive budgets.

This motivates a shift in focus toward the ne-
glected second axis: score aggregation. We adopt
exponential moving average (EMA) smoothing,
which accumulates scores during decoding with
bounded memory and a tunable coefficient ov. In
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Full 50% 25% 10%
TOVA 94.59 77.10 65.83 48.34
SnapKV 94.59 68.79 43.26 24.33
AdaKV+EA 94.59 89.24 71.16 28.06

Table 1: RULER score on Llama-3.1-8B as KV bud-
get decreases. Methods with different scoring functions
exhibit different degradation rates as the budget shrinks.

the evaluated implementation, the running state is
updated sequentially as scores are obtained from
the decoder layers and is retained across decode
steps, thereby coupling layer weighting with tem-
poral retention. To isolate scorer variation under
this fixed aggregation procedure, we conduct an
initial experiment on Llama-3.1-8B at 90% com-
pression: we fix the sequential layer—temporal ag-
gregation rule and systematically vary the scoring
function. Replacing the attention-based scorer with
value-norm or entropy weighting produces near-
identical eviction sets (Figure 1; mean pairwise
Jaccard = 0.97). After the running ranking stabi-
lizes, approximately order-preserving scorer modi-
fications rarely change keep/evict membership.

To assess the generality of this finding, we ex-
tend the experiment to Qwen2.5-7B and Llama-3.3-
70B on LongBench (Bai et al., 2024), LongBench-
v2 (Bai et al., 2025), and RULER. The pattern is
consistent: perturbations that approximately pre-
serve the utility ranking produce similar retention
sets under the evaluated aggregation, while scorers
that substantially reorder it degrade quality. Under
these aggressive-compression settings, the evalu-
ated sequential layer—temporal aggregation makes
approximately order-preserving scorer modifica-
tions largely indistinguishable at the eviction-set
level; this conclusion does not extend to scorers
that substantially alter the utility ranking.

We associate this with ranking inertia under the
evaluated sequential layer—temporal aggregation:
repeated updates are associated with more stable
retention-set membership (§5.3), but the present
experiments do not separate cross-step memory
from the recurrence’s implicit later-layer weighting.
This stability comes at a cost: stronger smooth-
ing delays adaptation to relevance shifts, pro-
ducing an observed boundary-error vs. lag-error
tradeoff analyzed in §3.1. This persistence moti-
vates InertiaK'V-Lazy, which periodically refreshes
scores and yields 1.34-1.46x decode throughput
relative to full-refresh InertiaK'V. As a separate op-
erating point, Score-Free computes scores across

the decoder layers at the first decode step and
freezes the resulting ranking; in our evaluation it
eliminates all subsequent score updates with neg-
ligible average quality change (A=4-0.03 points).
In summary, this paper makes three contributions:

* We identify ranking inertia in sequen-
tial layer-temporal aggregation across 7B—
70B models on LongBench, LongBench-v2,
and RULER: approximately order-preserving
scorer changes leave the eviction set nearly
unchanged, whereas ranking-altering scorers
can sharply degrade quality.

* We characterize the observed boundary-error
vs. lag-error tradeoff and provide a rank-
stability bound, explaining why stronger tem-
poral smoothing can stabilize eviction deci-
sions yet delay adaptation to relevance shifts.
Our negative result further shows that local
noise and drift alone cannot reliably guide
adaptive smoothing.

* We translate decode-time ranking persistence
into operating points: InertiaK'V-Lazy yields
1.34-1.46x decode speedup over full-refresh
InertiaKV, while Score-Free eliminates all
subsequent score updates after first-step ini-
tialization with negligible average quality
change. These results establish refresh fre-
quency as explicit quality—efficiency control.

2 Related Work

Decode-time eviction methods. Decode-time
KV eviction has evolved rapidly around the de-
sign of better scoring functions. H20 (Zhang et al.,
2023) introduced cumulative attention mass as a
heavy-hitter signal, establishing the template of
score-and-evict under a fixed budget. ScissorHands
(Liu et al., 2023) then observed that attention pat-
terns persist across decode steps, enabling future
importance to be predicted from past attention.
TOVA (Oren et al., 2024) simplified the scoring
to a single-step last-query signal, trading tempo-
ral information for lower overhead. Subsequent
work enriched the scoring axis further: AdaKV
(Feng et al., 2025) adapts budgets per attention
head, KeyDiff (Park et al., 2025) replaces atten-
tion weights with key-vector geometry, and TaDA
(Joshi et al., 2025) adds mean-centering to adap-
tive compression. Recent work such as RocketKV
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Figure 1: EMA stabilizes the retention sets of three highly rank-correlated scorers. Each panel pairs per-step
scoring (left) with EMA-smoothed scoring (right) for Attention, Value Norm, and Entropy. Per-step scores fluctuate,
while EMA yields near-identical retention sets for these approximately order-preserving variants (mean pairwise
Jaccard = 0.97 over top-B token sets, averaged across decode steps and layers). Navy cells indicate retained tokens;
columns are sorted by reference utility (high — low); the dashed line marks the budget boundary.

(Behnam et al., 2025) applies two-stage coarse-to-
fine scoring for acceleration, and EvolKV (Yu and
Chai, 2025) uses evolutionary search to optimize
layer-wise budget allocation. Throughout this pro-
gression, the temporal rule that aggregates per-step
scores into eviction decisions (cumulative sum, slid-
ing window, or implicit single-step) has remained a
background implementation choice rather than an
object of study in its own right.

Temporal perspectives. Few works touch on the
temporal dimension of eviction. ScissorHands’ per-
sistence hypothesis implies temporal stability but
frames it as a property of the attention signal rather
than of the aggregation mechanism. FAEDKYV (Li
et al., 2025) identifies recency bias in existing meth-
ods and proposes frequency-domain transforms
for unbiased scoring across an infinite window—
among the first efforts to treat temporal dynamics
explicitly as a design problem. However, FAEDKV
contributes a debiasing technique that improves the
scoring signal; it does not decouple scoring from
aggregation or test how temporal smoothing inter-
acts with scorer ranking. Our finding is comple-
mentary: Under aggressive KV compression, we
find that exponential-moving-average (EMA) ag-
gregation makes approximately order-preserving
scorer modifications largely indistinguishable at
the eviction-set level, but does not rescue scorers
whose rankings differ substantially from attention.

Prefill-time and sparse-attention methods.
SnapKV (Li et al., 2024) selects tokens during pre-
fill; Streamingl.I.M (Xiao et al., 2024) retains at-
tention sinks and a local window. These operate
before or outside the decode loop. Sparse-attention
systems (Tang et al., 2024; Lee et al., 2024; Sun
et al., 2025) maintain the full cache off-chip and
load subsets per step—a fundamentally different
regime from irreversible eviction.

Orthogonal dimensions. Cache size can also
be reduced through quantization (Liu et al.,
2024), cross-layer sharing (Brandon et al., 2024),
layer-wise budget shaping (Cai et al., 2025), or
reconstruction-based compression (Kim et al.,
2025). Hardware-efficient attention implementa-
tions (Dao, 2024) reduce per-step cost but do not
address cache growth. These are composable with
eviction-based methods but orthogonal to the ques-
tion studied here. To our knowledge, prior work
rarely isolates scoring from temporal aggregation
as independently controllable design axes.

3 Method

We study decode-time KV cache compression un-
der aggressive budgets. Given a prefill cache of
length Ly and compression ratio p, the decode-side
budget is B = [(1—p)Lo]. Unlike sparse atten-
tion, eviction is irreversible: removed KV pairs
cannot be recovered.

3.1 Temporal Utility Aggregation

At each decode step t, we extract the last-query
attention weights (Vaswani et al., 2017) from all H
heads and compute a per-token importance score
by mean-pooling across heads:

H
o o
sli) =5 > (@), i=1....L, (D
h=1

(h)

where a; (i) is head h’s attention to cached po-
sition 7. We maintain a utility vector m; € R,
where m, (i) estimates the aggregated importance
of cached token ¢ through step ¢. Whenever the
cache exceeds B, we evict the tokens with the low-
est m(4). The aggregation rule is the primary de-
sign choice:

Single-step: my = s¢, 2)
Cumulative: m; = my_1 + S¢, 3)
EMA: my=am_1+ (1—a) sg.  (4)



These three rules span the stability—adaptivity axis:
single-step is maximally adaptive but noisy; cu-
mulative never forgets but adapts slowly to rele-
vance shifts; EMA (« € (0, 1)) interpolates be-
tween them with bounded memory. Equations 2—4
present aggregation at the decode-step level. In our
implementation, compression is applied at multiple
transformer layers, and the EMA state is updated
after each such layer; consequently, o controls both
persistence across decode steps and the relative in-
fluence of successive layers.

Under aggressive compression, the choice of «
exposes a fundamental tradeoff between two error
modes. Boundary errors: noisy score fluctuations
near the budget boundary permanently evict useful
tokens. Lag errors: an overly slow estimator retains
stale tokens after relevance has shifted. We express
this as a two-term risk:

ﬁ(a) - gboundary(a) + Elag(a) . 5

ranking instability ~ adaptation delay

We treat this decomposition as a qualitative design
lens rather than a formal objective; the quantitative
bound on ranking stability is given in Proposition 1.
This framing guides the alpha-sensitivity analysis
(§5.5) and explains why adaptive scheduling fails
(Appendix H).

We instantiate this framework as InertiaKV:
decode-side EMA aggregation (Eq. 4) with a=0.8
and a proportional budget B=|(1—p)Lgy|. The
name reflects the core mechanism—EMA builds
ranking inertia that absorbs per-step scoring per-
turbations (§5.3). Compression is applied during
decoding (not prefill), making it naturally query-
aware but not a prefill memory reduction. In one
79-step diagnostic trace at «=0.8 and 90% com-
pression, the top-B set remains identical to its first-
step set, although within-set rankings continue to
change (Appendix I).

3.2 Exploiting Ranking Stability

If utility ranking changes little between consecutive
steps, the expensive query-aware score s; need not
be recomputed every step. We define two operating
points that progressively exploit this property.

Lazy refresh. InertiaKV-Lazy refreshes scores
at the first decode step and every r steps thereafter.
LetR, ={t>1:(t—1)=0 (mod r)} denote
the set of refresh steps:

{amt_l—i—(l—a)st,
my=

me—1q,

teR,,
(6)

otherwise.

Eviction still occurs whenever the cache exceeds
B; only the score observation is skipped on non-
refresh steps. The discrepancy from full refresh can
grow with both the refresh interval and the update
weight. This heuristic motivates moderate refresh
intervals; the resulting quality—speed tradeoff is
evaluated empirically rather than guaranteed by
Proposition 1.

Score-Free decoding. Score-Free is a separate
empirical operating point rather than the r — oo
consequence of Proposition 1. EMA is inactive
during prefill and the momentum state is initialized
as mg = 0. At the first decode step, Score-Free
sequentially processes the eligible layer scores and
freezes the resulting state. No score is computed
from step 2 onward, while eviction continues us-
ing this fixed ranking. Thus Score-Free is more
precisely “score once, then never refresh.” Its ef-
fectiveness is an empirical observation about the
evaluated workloads, not a claim that the first-step
ranking is universally optimal.

Score-Free decoding Input: prefill KV
cache Cy, budget B, EMA coefficient a.
Initialize: m(:) < 0 for every prefill posi-
tion 4.

First decode step: sequentially process the
eligible full-context layer scores; freeze the
resulting state and evict the lowest-ranked en-
tries if |C1| > B.

Later steps ¢ > 2: do not compute s; and
keep the prefill-token ranking fixed by my;
initialize each new token to the current mean
momentum, and evict whenever the cache ex-
ceeds B.

Controlled auxiliary ablations (static reserve, first-
eviction rescue) are reported in Appendix B.

4 Experimental Setup
4.1 Benchmarks

Our main evaluation uses LongBench (Bai et al.,
2024), LongBench-v2 (Bai et al., 2025), and
RULER (Hsieh et al., 2024). LongBench cov-
ers extractive QA and generation tasks. RULER
comprises 13 synthetic subtasks spanning single-
key, multi-key, multi-query, and multi-value re-
trieval, plus variable tracking and word extrac-
tion; multi-evidence subtasks (multikey, multi-
query) are the hardest for eviction methods because
they require retaining multiple dispersed tokens



simultaneously—the regime where aggressive com-
pression most frequently fails. We additionally in-
clude a needle-in-a-haystack grid as an auxiliary
retrieval stress test, a MoE stress check on Qwen3-
30B-A3B, and architecture/scale stress tests in the
appendix. LongBench and RULER are on a 0-100
scale; LongBench-v2 uses proportion correct (0-1)
following its official protocol.

4.2 Models

We evaluate on Llama-3.1-8B-Instruct (Llama
Team, Al at Meta, 2024) and Qwen2.5-7B-Instruct
(Qwen Team, 2024) for the main results. These two
models represent widely used open-weight families
and use different grouped-query attention (GQA;
Ainslie et al., 2023) configurations: Llama uses
8 KV heads with 4 x query-head grouping, while
Qwen uses 4 KV heads with 7x grouping. This
provides coverage of two distinct GQA configura-
tions. We include Llama-3.3-70B-Instruct to test
whether the same empirical pattern extends beyond
7-8B parameters, and Qwen3-30B-A3B-Instruct
as a minimal MoE stress check where sparse expert
activation may interact differently with cache evic-
tion. Appendix stress tests use Mistral-7B-Instruct-
v0.3 and Qwen2.5-14B-Instruct to probe transfer
limits rather than to support the main claim. All ex-
periments run on NVIDIA H100 and H200 GPUs.

4.3 Compared Methods

Baselines span the landscape of KV cache compres-
sion: TOVA (Oren et al., 2024) (single-step last-
query attention), SnapKV (Li et al., 2024) (prefill-
time observation-window selection), AdaKV + Ex-
pected Attention (Feng et al., 2025) (adaptive per-
head budgets), KeyDiff (Park et al., 2025) (key-
vector geometry), and KVzip (Kim et al., 2025)
(reconstruction-based compression). We report
both the full-refresh InertiaKV scorer and prac-
tical InertiaK'V-Lazy variants. All comparisons use
90% compression—the aggressive regime in which
temporal effects are most pronounced in our exper-
iments (Table 1). We also include a cumulative-
attention baseline that replaces EMA (Eq. 4) with
the non-decaying accumulator (Eq. 3).

5 Results

5.1 Order-Preserving Scoring Perturbations
Are Absorbed by EMA

Among the three aggregation rules defined in §3.1,
EMA (a=0.8) substantially outperforms single-

No Press EMA VNorm a=0
hotpotqa 62.86 63.45 63.44 59.26
2wikimga 69.22 69.41 68.96 63.69
qasper 49.39 4553 44.86 32.48
musique 48.88 48.55 48.35 42.05
Avg 57.59 56.74 56.40 49.37

Table 2: Scoring-function ablation on Llama-3.3-70B-
Instruct at 90% compression. VNorm deviates from
EMA by at most 0.67 points (avg A=—0.33), while
a=0 drops by 7.37 points on average.

step on retrieval-heavy settings (+1.8 on Long-
Bench and +21.6 on RULER on Llama), while
cumulative aggregation is competitive but mixed
across models and benchmarks (Appendix G).
Given this strong baseline, we now ask: are order-
preserving modifications to the scoring function
absorbed by EMA momentum? We test two al-
ternative scorers on Qwen2.5-7B across all eight
LongBench tasks at 90% compression: VNorm,
which multiplies each token’s attention weight by
the mean-normalized /5 norm of its value state; and
Entropy weighting, a per-layer scalar that modu-
lates the step’s overall influence without changing
the relative ordering among tokens. Both modifica-
tions are applied per step before EMA aggregation.

Figure 2(a) shows the result. Entropy weight-
ing produces exactly zero task-score deviation in
this evaluation. Its per-layer scalar preserves the
within-layer token ordering, although different
layer weights can in principle alter the final aggre-
gate ranking. VNorm, a genuinely per-token pertur-
bation, produces small deviations (avg |A| < 0.33),
consistent with EMA momentum absorbing this
token-wise reweighting. In contrast, the a=0 end-
point drops the average by 1.33 points, and random
eviction collapses to 12.45. Here a=0 retains only
the last processed layer, so the ablation is not purely
temporal. The same pattern holds on Llama-3.1-8B
(VNorm < 0.35; a=0 drops from 43.88 to 42.11).

Scale check: Llama-3.3-70B. To test whether
this absorption pattern extends beyond the 7-8B
scale, we repeat the ablation on Llama-3.3-70B-
Instruct at 90% compression (Table 2). At this
scale, the per-step perturbation produces small
residual differences (< 0.67 points), while the «=0
endpoint drops by 4—13 points across all tasks. This
contrast changes both layer weighting and temporal
retention, rather than momentum alone.

Ranking correlation defines the observed bound-
ary. We measure each scorer against attention at
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Figure 2: Core findings. (a) Approximately order-preserving perturbations (Entropy, VNorm) are absorbed by EMA
momentum (avg |A| < 0.35), while the evaluated learned scorer changes the ranking and diverges (|A| = 45.06).
(b) Lazy refresh reduces scoring frequency with little quality change. Score-Free is shown as a separate endpoint
that scores once at the first decode step and performs no subsequent refresh.

layer 15 using Spearman correlation and top-B
Jaccard at a 10% budget. VNorm and entropy re-
main highly correlated (p ~ 0.97) and preserve
quality. KeyDiff changes the ordering (p=0.49,
Jaccard = 0.38) and loses roughly 9-14 Long-
Bench points; key norm (p=0.00) and recency
(p=0.12) collapse on retrieval. The learned scorer
is a 327,680-parameter bilinear head, score(q, k) =
(Wik)T(W,q)//64, trained by self-distillation
with MSE+KL (A=0.1, 7=1.0). Its held-out rank-
ing is far from attention (p~0.05, Jaccard ~ 0.08);
it loses 1.94 points on LongBench and 45.06 on
RULER. These results establish an empirical cor-
relation spectrum, not a proof that every non-
attention scorer must fail: our evidence does not
rule out a competitive alternative scorer with a dif-
ferent signal.

5.2 Score Refresh Can Be Reduced or
Eliminated

Because the decode-time ranking changes slowly
after EMA stabilization, frequent score updates
may be redundant though scorer quality still mat-
ters. We test this by reducing refresh frequency.

Lazy refresh. InertiaK'V-Lazy4 is the default op-
erating point: benchmark-level quality deltas ver-
sus full refresh are small in magnitude. LongBench
confidence intervals include zero on both back-
bones; RULER intervals also include zero except
for a small Llama regression (A=—0.151, 95% CI
[—0.223, —0.078]). For Lazy4, benchmark deltas
are below 0.05 except for the Llama RULER re-
gression reported above; =4 provides a practical
quality—speed compromise. Lazy4 skips scoring on
three out of every four steps, reducing layer-scoring

Full Lazy4 Score-Free A(SF—Full)
hotpotga 58.54 58.80 58.53 —0.01
2wikimqa 52.52 52.52 52.62 +0.10
qasper 42.42 42.48 42.50 +0.08
musique 32.16 32.20 32.16 +0.00
gov_report 27.80 28.11 27.64 —0.16
multi_news 20.77 20.58 20.16 —0.61
gmsum 23.65 23.85 24.01 +0.36
passage_ret 99.50 99.50 100.0 +0.50
Avg 44.67 44.76 44.70 +0.03

Table 3: Score-Free decoding on LLlama-3.1-8B across
eight LongBench tasks at 90% compression. Score-
Free computes attention once at the first decode step
and never refreshes afterward.

operations by 4x and yielding 1.34x and 1.46x
decode speedups on Llama and Qwen respectively
at 64k context (Figure 10 in Appendix J).

Score-Free decoding. As specified in §3.2,
Score-Free computes one full-context score at the
first decode step and then freezes the ranking. Ta-
ble 3 reports Llama-3.1-8B across all eight Long-
Bench tasks at 90% compression. The average devi-
ation is +0.03, and the aggregate paired-bootstrap
95% confidence interval spans zero. Seven of eight
tasks are statistically indistinguishable from full
refresh. MultiNews is a genuine small regression
(A=-0.61, 95% CI [—1.01, —0.21], paired ¢-test
p=0.003), whereas passage retrieval improves by
+0.50 but is not significant (95% CI [0.00, 1.50],
p=0.32). On Qwen2.5-7B, the average deviation
is —0.01 (max |A|=0.47).

After first-step initialization, the score-update
machinery can therefore be removed from the
decode loop, minimizing score-update overhead
among the evaluated InertiaKV variants. Figure 3
quantifies this cost: at 16k context on Llama-3.1-
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8B, score updates account for 36% of Full Re-
fresh decode time; Lazy4 reduces this share to
14%; Score-Free removes subsequent score up-
dates. Controlled ablations show that auxiliary
mechanisms (static reserve, first-eviction rescue)
do not improve this operating point (Appendix B).

5.3 Why: Momentum Dominance

The scorer ablations and lazy-refresh results are
consistent with a common mechanism: EMA accu-
mulation builds ranking inertia that can reduce the
effect of large single-step perturbations. Even when
per-step score perturbations are large in relative L2
norm, the current update enters EMA with weight
(1—)=0.2; an 82% relative perturbation therefore
contributes at roughly 16% relative scale before ac-
counting for the accumulated state. The empirical
evidence for stabilization is the reduction in top-B
churn and high retention-set persistence reported
in Appendix I; Figure 4 illustrates the mechanism.
Score-Free is intentionally excluded from this ex-
planation: it freezes the first-step ranking and is
supported by the separate empirical test in §5.2.
For analysis, we consider an idealized fixed-
token process with one aggregate update per step,
omitting token insertion, eviction, and the layer-
sequential updates used in the reported implemen-
tation. We denote its state by p7 to distinguish it
from the dynamic cache state m;. Under EMA,
pr(i) = (1=a) 572, o s (i) + a” o ).
Proposition 1 (EMA Expected-Gap and Rank-Sta-
bility Bound). For each token i, assume that
{s¢(i)}t>1 is i.i.d. over time with mean 5(i) and
variance bounded by o2, with independence across

tokens and deterministic initialization po(i) = 0.
For two tokens i, j with utility gap 6;; = 5(i) —
5(j) > 0:

(a) The expected momentum gap converges to 0;;.

21 —«)

b) V: ) — pr(j)] < =—— o

(b) Varlur (i) —pr ()] < = =0
(c) In the stationary limit, limsup Pr{ur(i) <

) T—o0
, 2(1 —a)o
T <
The bound decreases with stronger smoothing and
with a larger expected utility gap relative to score
variance.

Corollary 2 (Expected-Ranking Preservation un-
der EMA). If an alternative scorer applies a com-
mon strictly increasing transformation to expected
utilities (i.e., B[5.(7)] = f(5(7))), its expected EMA
momentum has the same asymptotic ranking. Uni-
form positive scaling is exactly invisible to ranking,
while the misranking bound in Proposition 1 de-
pends on the transformed gaps and variances.

Proof is in Appendix A. On Llama-3.1-8B, we ob-
serve the corresponding stabilization diagnostics:
raw attention scores exhibit 34% top-B Jaccard
churn; EMA reduces this to 8%; and 75% of decode
steps produce < 1 token change in the eviction set.

5.4 Comparison with Existing Methods

Having established the interaction between EMA
and scorer ranking, we now position InertiaKV
against existing methods. Table 4 reports quality
under the same 90% compression protocol against
TOVA, SnapKV, AdaKV + Expected Attention,
KVzip, and KeyDiff.

InertiaKV and InertiaKV-Lazy4 outperform all
lightweight baselines (TOVA, SnapKV, AdaKV,
KeyDiff) on most rows. KVzip is strongest on
Llama RULER (+10.84 over InertiaKV), and we
therefore report the full quality—cost comparison
rather than treating the methods as directly inter-
changeable. In the released masking-based KVzip
mode that we evaluated, KVzip obtains 86.44
RULER with 31.54 s prefill, 10.9 token/s decode,
and 64,029 retained decode-side tokens; InertiaKV
obtains 75.60 with 4.86 s prefill, 39.1 token/s de-
code, and 6,401 retained tokens. Thus KVzip pro-
vides higher RULER quality, while InertiaKV is
6.5x faster in prefill, 3.6 x faster in decode, and
retains approximately 10x fewer decode-side KV
tokens. Figure 6 makes these tradeoffs explicit.
Figure 5 shows quality across KV budgets for the
remaining baselines.
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Figure 5: Quality vs. KV budget across three benchmarks on Llama-3.1-8B (top) and Qwen2.5-7B (bottom)
at compression ratios 50%, 75%, and 90%. InertiaKV (dark blue) maintains consistently strong quality under
aggressive compression, while lightweight baselines degrade sharply—especially on RULER.

5.5 Temporal Sensitivity

The choice of smoothing strength « controls the
boundary-error / lag-error tradeoff introduced in
Eq. 5. Table 5 sweeps « from O (single-step) to
0.95 on Llama-3.1-8B at 90% compression.

The pattern directly reflects the two-term risk:
retrieval-heavy benchmarks prefer strong tempo-
ral memory (=0.90-0.95), LongBench is robust
around 0.80-0.90, and LongBench-v2 peaks at
a=0.30, consistent with an adaptation-sensitive mi-
nority that penalizes excessive smoothing. We use
a=0.80 as a robustness compromise rather than a
per-task optimum. Comparing EMA against cu-
mulative (no-forgetting) aggregation is consistent
with this picture: cumulative attention gains on

Llama RULER (+2.01) but drops on Qwen RULER
(—7.66), making EMA the more robust bounded-
memory compromise (Appendix G).

Why online adaptation did not help. We also
tested a theory-derived adaptive selector that es-
timates noise and drift during an initial warmup.
It almost always selects a=0.8 or 0.95 and can-
not recover the low-a: preference of LongBench-v2.
During warmup, the noise-to-drift ratio is large
(n=50-600), so the selector favors strong smooth-
ing; useful relevance shifts arrive later. A reactive
rank-disagreement trigger is also insufficient: dis-
agreement correlates only 0.14 with alpha sensitiv-
ity and does not identify whether o should increase
or decrease. Appendix H gives the full negative



Model Benchmark Full InertiaKV Lazy4 TOVA SnapKV AdaKV+EA KVzip KeyDiff
Llama-3.1-8B LongBench 45.87 43.88 43.88 34.50 33.97 33.78 41.59 35.26
Llama-3.1-8B LongBench-v2 0.288 0.294 0.294 0.286 0.256 0.258 0.181 0.276
Llama-3.1-8B RULER 94.59 75.60 75.45 48.34 24.33 28.06 86.44 63.82
Qwen2.5-7B LongBench 48.67 46.01 45.98 36.25 34.05 33.29 39.69 32.01
Qwen2.5-7B LongBench-v2 0.249 0.254 0.250 0.211 0.229 0.233 0.235 0.223
Qwen2.5-7B RULER 93.00 79.43 79.44 39.69 22.14 22.46 81.40 63.39

Table 4: Baseline comparison under the 90% compression-ratio protocol. LongBench-v2 scores are on a 0—1
scale; all others are on 0—100. Methods differ in compression timing, memory footprint, and computational profile.

(a) Retained-token tradeofgUH

® 94 Inertiakv_ +'"
o @==0 509 KVzip
8 0/ v
o~ 4 o
E 70 . 90%
a 95%
501
T
Retained decode-side KV tokens (log scale)
(b) Throughput at 90% compression
*
L 90+ + Full
] KVzip
Y ® Inertiakv
o n
& 701 ertlL
5
= 501
0 20 40 60 80

Decode throughput (tokens/s)

Figure 6: Quality—cost tradeoffs on Llama-3.1-8B
at 64k context: (a) RULER versus retained decode-
side KV tokens across compression ratios; (b) RULER
versus decode throughput at 90% compression. KVzip
denotes released masking-based mode evaluated.

Benchmark 000 030 060 080 090 095 Best
LongBench 4211 4329 4387 4383 4405 4399 0.90
LongBench-v2 0296 0.298 0.290 0.294 0294 0.288 0.30
RULER 5397 6355 67.03 7560 7855 7872 0.95

Table 5: Alpha sensitivity of InertiaKV at 90% com-
pression on Llama-3.1-8B. Stronger smoothing im-
proves LongBench and RULER; LongBench-v2 peaks
at smaller a.

result. This suggests that successful adaptation re-
quires directional detection of relevance shifts, not
only early noise/drift estimation.

Short-prefix check. Because Score-Free does
not accumulate EMA during prefill, prefix length
is not an EMA-convergence requirement. On the
needle-in-a-haystack stress test with 1k, 2k, 4k, and
8k prefills, Score-Free obtains ROUGE-L-F 0.71
at every length, matching Full Refresh and Lazy4.
The more relevant failure mode is a later shift in
token relevance: on LongBench-v2, 97.6% of ex-
amples are invariant across temporal rules, while

the remaining 2.4% are adaptation-sensitive.

5.6 Efficiency Analysis

The previous sections establish the quality behav-
ior; we now examine efficiency. At 64k con-
text, 90% compression reduces the logical final
decode-side KV footprint from 64,029 to 6,401
retained tokens, an approximately 10x reduc-
tion in retained-token count. This logical reduc-
tion does not by itself establish a 10x serving-
concurrency gain, which additionally depends on
allocator behavior, page reclamation, prefill peaks,
and batching. InertiaKV does not reduce prefill
peak memory (29.91 GB, same as full cache), un-
like TOVA (22.88 GB) which evicts during prefill,
but achieves a similar final retained-token count
(6,401 vs. 6,428). In the evaluated masking-based
mode, KVzip retains 64,029 decode-side tokens
and incurs 6.5x prefill cost (31.54s vs. 4.865).
InertiaKV-Lazy further reduces decode cost via
lazy refresh, scoring only every fourth step and cut-
ting layer-scoring operations by 4x (Figure 10 in
Appendix J).

6 Conclusion

Under the tested aggressive-compression settings,
EMA makes approximately order-preserving scorer
modifications largely indistinguishable at the
eviction-set level, but this conclusion does not ex-
tend to scorers that substantially alter utility rank-
ing. This distinction motivates InertiaKV-Lazy4,
which offers 1.34-1.46x decode throughput rel-
ative to full-refresh InertiaKV with little quality
change. Score-Free is a separate empirical end-
point: scoring once at the first decode step and
freezing the ranking yields an average A= + 0.03,
with one significant small regression on MultiNews.
The results redirect attention toward temporal ag-
gregation without claiming that scoring quality is
generally irrelevant. Adaptive a, relevance-shift
detection, and competitive non-attention scorers
remain open directions.



Limitations

InertiaKV and InertiaKV-Lazy are decode-only
compressors that target the decode/time-between-
tokens bottleneck; they do not reduce prefill peak
memory and should be composed with a prefill-
time compressor when prefill memory is binding.
Score-Free uses only the first decode-step ranking
and therefore may fail when relevance shifts later
in generation; its stable 1k—8k needle-in-a-haystack
result does not establish robustness for multi-turn
dialogue or short-prompt, long-generation work-
loads. At 90% compression, Mistral-7B and
Qwen2.5-14B degrade by 17-27 RULER points
mainly on multi-needle and distant-token retrieval.
Because InertiaK'V-Lazy4 closely tracks full re-
fresh on these models, the observed limitation lies
in the underlying scorer/task interaction rather than
lazy temporal aggregation. Because the implemen-
tation updates EMA per eligible layer, o couples
layer weighting and temporal retention, limiting
purely temporal interpretation and potentially ar-
chitecture transfer. EMA is also not a universal
wrapper: applying it to other scoring rules produces
only marginal changes (Appendix D). Finally, our
evaluation is English-only and does not rule out
a competitive non-attention scorer whose ranking
differs from attention while retaining task utility.
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A Proof of Proposition 1

Proof. (a) Expanding the EMA recurrence gives
ur(i) = (1-a) 7, a7, (i)+aT juo(i). Tak-
ing expectations, E[ur(i)] = (1 — aT)5(i) +
a®' 19(i) — 5(4), so the expected gap converges to
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Mechanism Auxiliary  InertiaKV
Query-aware decoding score v v
Temporal accumulation v v
Static reserve v -
First-eviction rescue v -
Default o 0.8 0.8

Table 6: Mechanism-level delta between the controlled
auxiliary variant and the final InertiaKV scorer. The
auxiliary variant tests whether static reserve and first-
eviction rescue compose with EMA temporal utility
aggregation; it is not treated as an external baseline.

d;j. (b) By temporal independence, Var|ur(i)] <
(1—a)202 325 a®* < 1=252% independence
across tokens makes the gap variance at most twice
this quantity. (¢) Let Dy = ur(i) — pr(j). By
part (a), E[Dy] — 6;; > 0. Applying Cheby-
shev’s inequality to Dy — E[Dr] and then tak-
ing lim supp_, ., together with part (b), yields the
stated asymptotic bound. The i.i.d. and cross-token
independence assumptions are for tractability. Real
attention sequences are temporally dependent, so
the proposition is an explanatory bound rather than
a direct certificate for the empirical traces. O

B Controlled Auxiliary Ablations

The main paper treats static reserve and first-
eviction rescue mechanisms as auxiliary design
checks rather than as part of the method claim. Ta-
ble 6 summarizes the controlled comparison. The
auxiliary variant uses the same temporal accumu-
lation rule as InertiaK'V, but additionally protects
a static reserve and applies a first-large-eviction
rescue rule. These mechanisms were intended to
protect coarse positional coverage and avoid early
catastrophic eviction, but under the aggressive bud-
gets studied here they do not reliably compose with
the bounded-memory utility estimator.

A compression sweep shows that the gap be-
tween InertiaKV and the auxiliary variant grows
as the budget becomes tighter on LongBench and
RULER (Table 7). LongBench-v2 remains mixed,
which is consistent with the main paper’s interpre-
tation that this benchmark exposes the lag side of
temporal aggregation rather than supporting a uni-
versal design law.

Table 8 reports nearby operating-point vari-
ants at 90% compression. Among these con-
trolled variants, the no-reserve InertiaK'V scorer
is the strongest choice on LongBench and RULER.
Removing momentum is especially harmful on
RULER, while LongBench-v2 remains close across

Benchmark CR Auxiliary w/ Reserve InertiaKV InertiaKV—-Aux.
LongBench 0.75 44.04 46.06 45.07 +1.03
LongBench 0.80 43.61 44.80 44.92 +1.30
LongBench 0.90 42.13 41.95 43.88 +1.75
LongBench 0.95 40.13 42.84 42.82 +2.68
LongBench-v2 0.75 0.292 0.294 0.288 -0.004
LongBench-v2 0.80 0.298 0.296 0.290 -0.008
LongBench-v2 0.90 0.290 0.294 0.294 +0.004
LongBench-v2 0.95 0.304 0.294 0.296 -0.008
RULER 0.75 67.97 84.05 84.16 +16.19
RULER 0.80 65.09 82.00 82.65 +17.56
RULER 0.90 53.73 73.99 75.60 +21.87
RULER 0.95 40.86 61.93 63.66 +22.80

Table 7: Compression sweep on Llama-3.1-8B. The no-
reserve InertiaK'V design becomes increasingly stronger
than the controlled auxiliary variant as compression
becomes more aggressive, especially on RULER.
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Figure 7: Compression sweep visualization of Table 7.
The gap between InertiaKV and the Auxiliary variant
widens monotonically on LongBench and RULER as
compression becomes more aggressive; LongBench-v2
remains mixed.

variants.

C Auxiliary Generalization Checks

Having established the core method configuration
in Appendix B, we now test generalization beyond
the main LongBench/RULER evaluation.

We use a needle-in-a-haystack retrieval grid
as an auxiliary stress test even though the main
claims rely on averaged LongBench, LongBench-
v2, RULER, and profiling results. ROUGE-L-F is
the most useful metric in this setup; exact match
and hit rate are not informative. Figure 8 reports a
12-context-length (10k—120k) by 9-depth heatmap
on Llama-3.1-8B. Full Cache is included as a refer-
ence, while compressed methods use the same 90%
setting. We use this grid as a fixed-setting stress
check rather than as a benchmark for selecting the
best alpha or refresh interval.

For a small non-dense stress check, we addi-
tionally evaluate a Qwen3-30B-A3B MoE model
(Table 9). This is not a full MoE benchmark suite.
The same auxiliary-mechanism issue appears in
this setting, although the method remains below
full-cache quality.

Table 10 reports two additional stress tests.
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Figure 8: Auxiliary needle-in-a-haystack heatmap on Llama-3.1-8B using ROUGE-L-F (12 context lengths x 9
depths). Full Cache is shown as a reference; compressed methods use 90% compression. InertiaKV and InertiaK'V-
Lazy4 closely track the full-cache pattern, while comparison baselines (TOVA, SnapKV, AdaKV+EA, KVzip,

KeyDiff) degrade under this aggressive retrieval stress test.

Benchmark Full Reserve NoMom. InertiaKV ~ High Res. Model Benchmark Full InertiaKV Lazy4 H2O-style
LongBench 45.87 41.95 42.22 43.88 43.67 Mistral-7B LongBench 43.04 40.71  40.77 40.69
LongBench-v2  0.288 0.294 0.296 0.294 0.298 Mistral-7B LongBench-v2T  0.282 0.286 0.282 0.288
RULER 94.59 73.99 53.61 75.60 71.18 Mistral-7B RULER 89.38 7276  72.85 75.10

Qwen2.5-14B  LongBench 48.68 46.01 46.11 46.03
Table 8: Auxiliary variants at 90% compression on ~ Qwen2.5-14B  LongBench-v2 0328 0326 0326 0330

Qwen2.5-14B  RULER 94.50 67.70  67.72 74.86

Llama-3.1-8B. These results motivate the base operating
point but are not the main contribution.

Benchmark Full Auxiliary TOVA InertiaKV
LongBench subset 4491 40.39 37.30 42.32
RULER 95.51 38.28 33.56 66.26

Table 9: MoE stress check on Qwen3-30B-A3B at 90%
compression. The controlled auxiliary variant again
underperforms InertiaK'V.

These are not part of the main claim. They ask
whether the same 90% compression operating
point transfers to a different dense architecture
and to a larger Qwen model. The answer is mixed
and mostly negative: InertiaKV-Lazy4 continues
to track the full-refresh InertiaK'V estimator, but
the estimator itself can degrade substantially on
RULER. Subtask inspection shows that this degra-
dation is concentrated in multi-key, multi-query,
and context-word retrieval cases, while many
single-key and QA subtasks remain much closer to
full cache. On Qwen2.5-14B, for example, the 4k
RULER average falls from 95.92 to 58.80 because
niah_multikey_ 3, niah_multikey_2,
and niah multiquery drop from 100.0,
100.0, and 99.8 to 0.0, 4.8, and 10.45; at 16k, the
corresponding drops are 99.8—2.0, 99.4—57.8,
and 99.75—56.45. InertiaKV-Lazy4 differs from

Table 10: Architecture and scale stress tests at 90%
compression. InertiaKV-Lazy4 remains close to full-
refresh InertiaK'V, but the underlying scorer is not robust
on RULER multi-evidence retrieval for these backbones.
tMistral LongBench-v2 is evaluated with a 32k context
cap because the uncapped run exceeded single-GPU
prefill memory.

full refresh by at most 0.65 points on these failed
subtask averages, indicating that lazy refresh is not
the primary source of the degradation. H2O-style
cumulative scoring partially recovers some
multi-evidence cases, indicating that no-forgetting
accumulation can better preserve persistent
evidence, but it still fails on the hardest multikey
cases. We therefore treat these results as evidence
of a current scorer limitation rather than as positive
architecture or scale generalization. We omit the
default DecodingPress Streamingl.I.M runs from
this table because that wrapper uses a fixed decode
interval and target size rather than the same 90%
compression-ratio protocol, and in these runs it
often behaved as a near no-op.

D Additional Transfer Results

Appendix C showed mixed transfer of the Inerti-
aKV scorer across architectures, with substantial



limitations on multi-evidence retrieval. A separate
question is whether the EMA temporal wrapper
itself transfers to other scoring rules.

Our fixed-budget transfer experiments test
whether a generic EMA wrapper can improve other
decoding-time rules beyond the InertiaK'V design.
These experiments use explicit target sizes rather
than nominal compression ratios, since decoding-
time wrappers are controlled by budget and com-
pression interval rather than by a prefill-style top-k
ratio.

Table 11 shows the transfer results. The overall
picture is weak: EMA produces only small changes
for TOVA, KeyDiff, and KNorm under fixed bud-
gets. This is not a contradiction of the main result;
it reinforces our scope. Temporal smoothing is
useful in the studied TOVA-style irreversible evic-
tion setting, but it is not a universal wrapper that
automatically improves every scoring rule.

E Implementation Details

This appendix specifies key implementation
choices that are not fully explicit in the main text.
InertiaKV and InertiaKV-Lazy are decode-only
compressors: they do not reduce prefill peak mem-
ory, and their primary effect is on the final decode-
side cache size and decode-time score-update cost.

Per-step scoring. At each decode step, we ex-
tract the attention weights from the last query to-
ken to all cached positions: a; € R *Lt, where
H is the number of attention heads and L; is the
current cache length. The per-step score is ob-
tained by mean-pooling across heads: s;(i) =
LS H al (7). For GQA architectures (Llama-
H 2h=1%

3.1), each KV head’s attention is shared across its
corresponding query-head group before pooling.
Optional VNorm weighting multiplies each head’s
attention by the mean-normalized /> norm of the
value states before pooling; entropy weighting mul-
tiplies each layer’s contribution by the normalized
entropy of its attention distribution.

Momentum initialization (1mg). The momen-
tum state is initialized to zeros for all positions:
mo(i) =0fori=1,..., Ly. This means that the
first decode step’s score determines the initial rank-
ing entirely, and the expected momentum begins
moving toward its stationary mean from step 1.

New token insertion during non-refresh steps.
When a new token is generated during a non-refresh

step (i.e., t ¢ R, in InertiaKV-Lazy), its mo-
mentum score is initialized to the mean momen-
tum of the L; — 1 existing tokens: my(new) =
Ltl—l f:tfl m¢—1(4). This places the new token
at an average ranking position, allowing it to be
scored and ranked at the next refresh. The new
token can still be evicted on the same step if the

budget is exceeded.

Layer scoring. Let K denote the number of eligi-
ble layers. Each eligible layer immediately updates
the shared state: my¢ = amy—1 + (1 — a)ss
for{ =1,..., K, withm;o = m;_1 k. Thus the
prior step has weight o and layer ¢ has weight
(1— a)aK ~¢; layers are not uniformly averaged.
For Lazy refresh, the layer hooks are deactivated
on non-refresh steps, so no attention is captured
and the momentum state remains frozen.

Eviction on non-refresh steps. Even when
scores are not refreshed, eviction still occurs if the
cache exceeds the budget (e.g., after a new token
is added). The stale momentum rm;_1 is used for
the eviction decision. This ensures the budget con-
straint is always satisfied regardless of the refresh
schedule.

F Benchmark-Level Interpretation Guide

Each benchmark in our evaluation tests a different
aspect of the temporal aggregation tradeoff. We
provide brief guidance on how to read results from
each.

LongBench-v2. LongBench-v2 is consistently
more mixed than LongBench and RULER. Alpha
sensitivity, pairwise flip analysis, and the failure-
anatomy statistics indicate that lower smoothing is
preferable on a small but meaningful subset of ex-
amples, especially on Qwen2.5-7B. Most examples
(95-98%) are invariant across temporal scoring
choices. We treat LongBench-v2 as a boundary
case that exposes the lag side of the tradeoff rather
than as evidence that EMA is broadly harmful.

Needle-in-a-haystack stress test. ROUGE-L-F
is the only informative metric in our setup; exact
match and hit rate are not discriminative. We use
this grid as a qualitative retrieval stress check (Fig-
ure 8) rather than as a core averaged benchmark.

MoE. The Qwen3-30B-A3B experiment (Ta-
ble 9) is a minimal stress check. Its role is to check
whether the auxiliary-mechanism pattern (static re-



Benchmark Budget TOVA TOVA+EMA(0.6) TOVA+EMA(0.8) TOVA+EMA(0.9) KeyDiff KeyDifftEMA KNorm KNorm+EMA
LongBench subset 1024 53.67 53.78 53.73 53.69 48.56 48.64 27.39 27.61
RULER 1024 80.01 79.98 79.95 79.96 68.60 68.58 22.73 22.62
LongBench subset 2048 53.95 54.02 53.95 54.05 53.06 53.05 4222 42.47
RULER 2048 88.92 88.95 88.92 88.92 80.93 81.01 4351 44.01

Table 11: Fixed-budget EMA transfer results. EMA smoothing yields only small changes across these decoding-time

rules, so we treat transfer as weak supporting evidence rather than as a primary contribution.

serve hurts under aggressive budgets) also appears
beyond dense backbones.

Architecture and scale stress tests. The Mistral-
7B and Qwen2.5-14B results (Table 10) should be
read as identifying a scorer limitation, not a tem-
poral aggregation failure. In both cases, InertiaK'V-
Lazy4 remains faithful to the full-refresh estimator
(within 0.1 points), showing that lazy refresh is
not the primary degradation source. The degrada-
tion is concentrated in RULER multi-evidence re-
trieval and appears tied to the full-refresh attention-
derived scorer/task interaction under the evaluated
eviction framework. On Mistral, increasing o from
0.8 to 0.9 improves RULER from 72.76 to 76.79,
partially mitigating but not solving the issue. These
results motivate future work on architecture-aware
scoring and multi-span budget allocation.

G Temporal Sensitivity Analysis

This appendix characterizes the stability—adaptivity
tradeoff across the temporal aggregation family, ad-
dressing the central design question: how much
temporal memory should a decode-time compres-
sor keep?

G.1 Alpha Sensitivity

The main alpha sensitivity sweep is reported in
§5.5 (Table 5). Figure 9 visualizes the normalized
tradeoff curve.

Here we provide cross-model validation. On
Qwen2.5-7B, a = 0.90 is essentially tied with
a = 0.80 on LongBench (46.05 vs. 46.01), but
is worse on both LongBench-v2 (0.247 vs. 0.254)
and RULER (78.28 vs. 79.43). We therefore keep
a = 0.80 as the default: it is a selected operating
point for the studied setting, not a tuned optimum.

LongBench-v2 provides a useful boundary case.
Comparing o = 0.30 against higher smoothing,
Qwen2.5-7B loses more examples than it gains:
moving to o = 0.80 loses 13 previously correct ex-
amples and recovers 7, while moving to a = 0.90
loses 17 and recovers 7. Domain-level breakdowns
are mixed, but Qwen shows broad declines in
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Figure 9: Alpha sensitivity visualized. Each bench-
mark’s score is normalized by its best value across the
« range. RULER benefits strongly from high «; Long-
Bench is relatively flat above a=0.3; LongBench-v2
slightly prefers lower smoothing. The dashed line marks
the default «=0.8.

Model Benchmark Cum. - EMA
Llama-3.1-8B  LongBench +0.08
Llama-3.1-8B  LongBench-v2 -0.010
Llama-3.1-8B RULER +2.01
Qwen2.5-7B  LongBench -0.01
Qwen2.5-7B  LongBench-v2 -0.010
Qwen2.5-7B.  RULER -7.66

Table 12: Delta of H20-style cumulative attention over
EMA InertiaKV at 90% compression. Cumulative at-
tention is competitive but does not dominate.

long structured data understanding, long-dialogue
history understanding, multi-document QA, and
single-document QA. This demonstrates the lag
side of the tradeoff in the evaluated Qwen setting.

G.2 Cumulative vs. EMA

Because Eq. 4 is a bounded-memory filter, a natural
alternative is the cumulative rule in Eq. 3, which
never forgets past evidence. Table 12 tests whether
the non-decaying endpoint dominates the bounded-
memory endpoint once both are placed inside the
same decode-time budgeted framework.

The result is not one-sided. On Llama, cumula-
tive attention is slightly better on LongBench and



RULER but worse on LongBench-v2. On Qwen2.5-
7B, it drops substantially on RULER (—7.66). To-
gether with the a = 0 rows in Table 5, this com-
pletes the family picture: single-step scoring is
too brittle for retrieval; cumulative accumulation
can outperform EMA when evidence persists but
degrades when stale retention matters. EMA is
therefore not universally best, but it is the most
robust bounded-memory compromise.

H Adaptive a: A Negative Result

The alpha sensitivity in Table 5 raises a natural
question: can « be selected automatically? We
tested a theory-derived adaptive selector that es-
timates noise (o) and drift (§) during a warmup
period, then selects o to minimize the boundary-
error—lag tradeoff from Eq. 5.

The result is negative. Across both backbones,
the selector almost always chooses @ = 0.8 or
a = 0.95, never selecting low a. On RULER,
this yields similar or slightly worse performance
than the fixed o = 0.8 default; on LongBench-
v2, where lower « helps, the selector cannot adapt.
The failure mechanism is interpretable: cross-layer
Jaccard disagreement (o ~ 0.07) is stable, but
temporal drift (6 =~ 0.0003-0.001) is extremely
small during the first 10 decode steps, producing
noise-to-drift ratios 7 = ¢ /J in the range 50-600
that the theory formula maps to high «.. Relevance
shifts that would benefit from low a occur after the
warmup window.

This supports retaining o = 0.8 as a pragmatic
default for the evaluated settings and identifies the
failure mode a future adaptive policy must address:
online detection of relevance shifts during gener-
ation, not just noise/drift estimation from initial
steps. A reactive strategy—triggering lower o
when raw/EMA ranking disagreement exceeds a
threshold—is also unreliable: rank-trace diagnos-
tics (Table 13) show that disagreement correlates
with alpha-sensitivity (0.14-0.15) but does not reli-
ably identify the correct direction.

I Mechanistic Diagnostics and Failure
Anatomy

The preceding appendices characterize what EMA
does at the benchmark level; this appendix probes
possible mechanisms by shifting from family-level
averages to mechanism-level observables. We trace
top-k token sets during decoding on 100 examples
per trace set, reporting raw top-k churn, EMA top-

k churn, raw/EMA Jaccard overlap, the fraction
of raw top-k tokens evicted, and trace accuracy
(Table 13).

We use churn as a proxy for the boundary-
variance term in Eq. 5: high churn indicates
score fluctuations can flip keep/drop decisions.
Raw/EMA Jaccard and raw-top evicted rate proxy
for lag: divergence means the aggregated estimate
no longer tracks the current query-aware signal.

EMA top-k churn is far lower than raw churn,
showing that temporal accumulation stabilizes
rankings in these traces. On LongBench-v2, in-
creasing o lowers raw/EMA agreement without im-
proving traced accuracy (consistent with reduced
adaptivity). On RULER, stronger smoothing im-
proves traced accuracy (consistent with persistent
retrieval evidence).

Failure anatomy. Across the full 503-example
LongBench-v2 split, 97.6% of Llama-3.1-8B exam-
ples and 95.0% of Qwen2.5-7B examples are invari-
ant across temporal rules. The sensitive subset is
small: on Qwen, 17/503 examples are adaptation-
lag candidates (lower smoothing correct) versus
7/503 stability-help cases. On Llama, the counts
are 3/503 and 1/503. LongBench-v2 thus exposes
the lag side on a minority of examples rather than
indicating that EMA is broadly harmful.

A larger 300-example Qwen pilot shows that
raw/EMA ranking disagreement (correlation 0.14)
and raw-top-k eviction rate (0.15) are more in-
formative observables for alpha-sensitivity than
boundary margin (0.03) or score entropy (0.07).
However, they identify sensitivity better than the
correct direction: both low-a-wins and high-a-
wins appear in elevated-disagreement bins.

J Supplementary Result Details

This appendix collects detailed breakdowns and
efficiency measurements omitted from the main
text for space.

Learned scorer degradation by sequence length.
The learned bilinear scorer’s failure worsens with
sequence length. On Llama-3.1-8B RULER,
the combined deviation is A=—38.0 at 4k and
A=-52.2 at 16k, with needle-in-a-haystack re-
trieval tasks collapsing from ~100 to single dig-
its (e.g., niah_multiquery drops from 99.2 to
3.4 at 16k). This length dependence suggests that
longer sequences amplify the cost of a misaligned
utility ranking, since more tokens compete for lim-



Trace Set e Raw Churn EMA Churn Raw/EMA Jaccard Raw-Top Evicted Trace Acc.
LongBench-v2 0.30 0.0215 0.0005 0.9806 0.0109 0.29
LongBench-v2 0.80 0.0375 0.0005 0.9659 0.0213 0.29
LongBench-v2 0.90 0.0407 0.0005 0.9629 0.0238 0.28
RULER 0.30 0.0178 0.0055 0.9868 0.0073 0.47
RULER 0.80 0.0244 0.0056 0.9799 0.0121 0.62
RULER 0.90 0.0284 0.0056 0.9762 0.0149 0.64

Table 13: Rank-trace diagnostics at 90% compression on Llama-3.1-8B. EMA top-k churn is consistently lower
than raw churn. On LongBench-v2, stronger smoothing diverges from raw attention without improving accuracy;

on RULER, it improves accuracy.
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Figure 10: Lazy refresh decode speedup vs. full-
refresh InertiaKV at 90% compression and 64k con-
text. InertiaK'V-Lazy4 yields 1.34 x (Llama) and 1.46 x
(Qwen) wall-clock speedup. For Lazy4, benchmark
deltas are below 0.05 except for the small Llama
RULER regression (A=—0.151; Table 14).

ited budget slots.

Lazy refresh tradeoff visualization. Figure 10
shows the wall-clock decode speedup of lazy re-
fresh variants.

Lazy4 per-benchmark quality deltas and con-
fidence intervals. Table 14 reports the full per-
benchmark breakdown for InertiaKV-Lazy4 versus
full refresh.

Model Benchmark A 95% CI
Llama-3.1-8B  LongBench +0.005 [—0.044, +0.053]
Llama-3.1-8B  LongBench-v2  0.000 —
Llama-3.1-8B RULER —0.151 [—0.223, —0.078]

Qwen2.5-7B  LongBench —0.026 [—0.111,+0.051]
Qwen2.5-7B  LongBench-v2 —0.004 —
Qwen2.5-7B  RULER +0.005 [—0.024, +0.033]

Table 14: InertiaK'V-Lazy4 quality delta versus full re-
fresh at 90% compression. LongBench-v2 has a single
aggregate score, so no Cl is computed. Both LongBench
intervals and the Qwen RULER interval include zero;
Llama RULER shows a small negative delta whose in-
terval excludes zero.

Throughput scaling across context lengths.
Figure 11 reports absolute decode throughput and

Lazy4 speedup across 16k, 32k, and 64k contexts.
Full Refresh throughput decreases with context
length due to growing attention cost; Lazy4 main-
tains a 1.36-1.44 x speedup at each tested length,
indicating that the measured gain is not confined to
one context length.

Hook-level profiling: scoring bottleneck.
Hook-level profiling on Llama-3.1-8B at 64k
context shows that the largest measured per-step
cost is per-layer query-aware score reconstruction
(specifically, attention fallback computation),
not cache remapping or eviction logic. This
motivates the lazy refresh family: it targets the
largest measured cost component while leaving the
retention budget and utility estimator unchanged.

K Reproducibility

Reported result directories were archived and re-
analyzed offline with duplicate metric identities
treated as errors. For the central InertiaKV-Lazy4
comparison, we also reran full-refresh InertiaKV
and InertiaK'V-Lazy4 from fresh roots on both main
backbones: eight LongBench tasks per backbone
(16 model-task combinations), LongBench-v2 0-
shot, and both reported RULER lengths. These
clean-root reruns reproduce the task-level values
in Figure 10, which we use as the canonical lazy-
refresh quality result. Other experiments include ar-
chitecture, scale, MoE, retrieval-grid, compression-
sweep, and efficiency stress checks.
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Figure 11: Decode throughput scaling at 90% compression. Each panel shows absolute throughput (tok/s) for Full
Cache, Full Refresh InertiaKV, and InertiaK'V-Lazy4 at 16k, 32k, and 64k context. Annotations show InertiaK'V-
Lazy4 speedup over Full Refresh, which remains stable at 1.36—1.44 x across context lengths and models.
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