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Abstract

Autoregressive decoding in Transformer-based language models relies
on the KV cache, whose memory footprint grows linearly with sequence
length and becomes the primary bottleneck for long-context inference.
KV cache eviction addresses this by retaining a fixed-size subset of key-
value pairs and discarding the rest. We identify that a primary source of
output degradation is not the residual attention mass on evicted tokens,
which existing methods already minimize, but a directional mismatch
between the retained and evicted token sets. Specifically, the evicted tokens
in practice are often near-orthogonal to the retained ones. Thus, even
a small evicted mass could have an oversized impact on the resulting
direction distribution and amplify into substantial output error. This reveals
a fundamental limit in existing strategies. To address this, we propose
MOMENTKV, which maintains compact, small-size moment statistics over
the evicted token set, including a count, key mean, value mean, and value-
key covariance. During eviction, the moment statistics is leveraged to
identify tokens already well aligned with and captured by the accumulated
summary, keeping the evicted set geometrically regular. During inference,
they yield a closed-form first-order approximation of the evicted attention
output, forming a mutually reinforcing loop between selective eviction
and accurate correction. On LongBench and RULER with LLaMA-3.1-8B-
Instruct and Qwen3-4B-Instruct, MOMENTKV outperforms all baselines at
every cache budget, with the largest gains under aggressive compression.

1 Introduction

Transformer-based language models generate text autoregressively, relying on the KV cache
to store previously computed key and value projections and reuse them across decoding
steps (Pope et al., 2023). While essential for efficient inference, the cache’s memory footprint
grows with sequence length, quickly dominating GPU memory consumption and I/O
bandwidth as context windows scale to tens or hundreds of thousands of tokens (Maurya
et al., 2024; Pope et al., 2023). Even with grouped-query attention and reduced precision,
the cache for long sequences can reach tens of gigabytes, making KV cache compression a
central challenge for deploying long-context language models (Li et al., 2024a; Wang et al.,
2024; Li et al., 2026a).

To mitigate this, KV cache eviction is the most widely adopted, retaining a fixed-size
subset of KV pairs and discarding the rest. Existing methods differ primarily in how token
importance is estimated for the purpose of eviction, ranging from cumulative attention
weights (Zhang et al., 2023; Liu et al., 2023) and prefill-phase observation windows (Li
et al., 2024b) to layer-wise budget allocation (Cai et al., 2024) and value-aware scoring
criteria (Devoto et al., 2024; Geng et al., 2025; Feng et al., 2025), demonstrating that retaining
a small token subset is sufficient to capture most of the attention mass (Nawrot et al., 2024;
Zhang et al., 2026; Goel et al., 2025). Nevertheless, all eviction methods share the same
post-eviction inference procedure: attention is renormalized exclusively over the retained
KV pairs, and the evicted ones leave no trace in subsequent operations.
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(a) Overview of MOMENTKV. Evicted tokens in-
crementally update compact moment statistics
(count, key mean, value mean, and value-key
covariance) that guide eviction toward tokens
already well captured by the summary and ap-
proximate the evicted attention output for post-
eviction correction.
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(b) PCA of value vectors in one attention head
(LLaMA-3-8B, H2O, N=4096, L=128). The
retained and evicted sub-outputs are near-
orthogonal (cos θ ≈ 0.10, 84), causing even
small evicted attention mass to produce sub-
stantial directional error that standard renor-
malization cannot recover.

Figure 1: MOMENTKV maintains moment statistics over evicted tokens to jointly improve
eviction decisions and correct the post-eviction attention output.

When evicted KV pairs carry non-negligible attention mass, this renormalization shifts
the attention output toward the subspace spanned by retained value vectors, introducing
a systematic directional bias that better scoring cannot resolve (Choromanski et al., 2020;
Ruan & Zhang, 2024). As shown in Figure 1b, the retained and evicted sub-outputs are
near-orthogonal in practice, so even a small evicted mass produces an oversized impact
with substantial relative output error. The near-orthogonality arises because top-k selection
concentrates the retained set on tokens whose keys align with recent query directions,
while the evicted set spans a broader, complementary subspace. Moreover, this creates
a dilemma in existing solutions: a more selective retained set reduces the evicted mass
but simultaneously widens potential directional gap due to higher level of concentration,
causing existing methods to face diminishing returns as selection quality improves (Hooper
et al., 2024; Liu et al., 2024). The path to further improvement therefore lies not only in
better token selection but in recovering the directional information that current solutions
obliviate (Chang et al., 2025).

We propose MOMENTKV, illustrated in Figure 1a, which exploits the mass-direction trade-
off by maintaining compact summary statistics over the evicted KV pairs. The statistics
are updated upon each eviction and yield a closed-form first-order approximation of the
evicted attention output at query time, with small total storage per head independent
of context length. During eviction, the statistics are leveraged to identify tokens whose
values are already well captured by the accumulated summary, keeping the evicted set
geometrically regular. During inference, we correct the renormalized output with the
moment approximation, restoring an estimate of the lost evicted contribution. Experiments
on LongBench and RULER with LLaMA-3.1-8B-Instruct and Qwen3-4B-Instruct show that
MOMENTKV consistently outperforms all baselines across cache budgets, with the largest
gains under aggressive compression.

2 Preliminaries

Background. The KV cache operates across two phases of inference. During prefill, the
model processes the entire prompt in parallel and populates the cache with key-value pairs
for all input tokens (Jin et al., 2024). During decoding, each newly generated token appends
one key-value pair to the cache and attends over all cached entries to produce the next
token (Dao, 2023). As decoding progresses, the cache grows by one entry per step per layer,
and the attention cost per step increases accordingly (Yuan et al., 2024; Gao et al., 2024).
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KV cache eviction reduces the cache to a fixed budget of L entries, either once after prefill
or continuously during decoding by removing the lowest-scoring entry whenever the
cache exceeds L. In either mode, a scoring function assigns an importance value to each
cached token, and the lowest-scoring tokens are permanently removed. Existing scoring
functions can be broadly grouped into two families. Sliding window approaches (Xiao et al.,
2023) retain a set of initial “sink” tokens and the most recent tokens within a fixed window,
discarding all intermediate entries without evaluating their content. Top-k selection methods
instead rank all cached tokens by an importance score derived from cumulative attention
weights (Zhang et al., 2023; Liu et al., 2023), prefill-phase observation windows (Li et al.,
2024b; Feng et al., 2024), adaptive budget allocation across layers or heads (Cai et al., 2024),
or value-aware criteria that incorporate the geometric properties of value vectors (Devoto
et al., 2024; Geng et al., 2025; Feng et al., 2025; Park et al., 2026). Despite differences in
scoring, all methods apply the same post-eviction inference rule: attention is renormalized
exclusively over the retained set, and the evicted entries are permanently erased.

Notation and Formulation. To formalize the effect of eviction on the attention output,
consider a single attention head with head dimension d. At a given decoding step, the cache
contains N key-value pairs. Given the current query q ∈ Rd, the cached keys {ki}N

i=1, and
the cached values {vi}N

i=1, the attention logits are si = q⊤ki/
√

d with partition function
Z = ∑N

i=1 exp(si). The attention weights αi = exp(si)/Z yield the full attention output,
which is the centroid of the cached value vectors under the attention distribution:

f (q) =
N

∑
i=1

αi vi =
∑N

i=1 exp
(
si
)

vi

Z
. (1)

After eviction, letR ⊂ [N] denote the retained set of size L and E = [N] \ R the evicted set.
Partitioning the sum overR and E and normalizing each part by its own partition function
ZR = ∑i∈R exp(si) and ZE = ∑i∈E exp(si) yields two sub-outputs:

fR(q) =
∑i∈R exp(si) vi

ZR
, fE (q) =

∑i∈E exp(si) vi
ZE

. (2)

Each sub-output is the attention-weighted centroid of the value vectors restricted to its own
token subset. When the retained and evicted tokens carry value vectors in different regions
of Rd, these two centroids can point in substantially different directions, a property that
becomes central to the error analysis in Section 3.

Since Z = ZR + ZE , the full output decomposes exactly as a convex combination:

f (q) = wR fR(q) + wE fE (q), wR =
ZR
Z

, wE =
ZE
Z

, (3)

where wR + wE = 1. The mixing weights correspond to the fraction of the total attention
mass assigned to each subset. Standard eviction outputs fR(q) alone, which is equivalent
to setting wE = 0 and redistributing the evicted attention mass entirely onto the retained
tokens. This decomposition separates the eviction error into a scalar factor wE controlling
the magnitude of the lost component and a vector-valued factor fE (q)− fR(q) controlling
its direction.

3 The Directional Cost of Token Eviction

As established in Eq. (3), the full attention output decomposes as f (q) = wR fR(q) +
wE fE (q). Standard eviction discards the evicted component and returns fR(q) alone.
Subtracting from the full output and using wR = 1− wE , the eviction error becomes

f (q)− fR(q) = wE
[

fE (q)− fR(q)
]
, (4)

factorizing into a scalar mass term wE ∈ [0, 1] and a vector-valued divergence fE (q) −
fR(q) ∈ Rd. The mass term measures how much attention is lost to eviction, while the
divergence measures how differently the two subsets represent the context.
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Figure 2: Eviction error analysis on LLaMA-3-8B with H2O selection at N=4096. (a, e) The
evicted mass wE is small, averaging below 0.08 at L=128, and shrinks with larger budgets.
(b, c) Despite the small mass, the retained and evicted sub-outputs remain near-orthogonal
across all layers, with cos( fE , fR) ≈ 0. (d, f) The near-orthogonality amplifies residual mass
into over 20% relative error on average, confirming that the directional gap, not the evicted
mass, is the dominant error source.

To expose the distinct roles of these two factors, let θ = ∠( fE , fR) and decompose the
divergence into components parallel and perpendicular to fR:

fE − fR =

(
∥ fE∥
∥ fR∥

cos θ − 1
)

fR + ∥ fE∥ sin θ n̂, (5)

where n̂ is the unit vector orthogonal to fR in the plane spanned by fE and fR. The parallel
component rescales the output along fR, and renormalization partially compensates for it.
The perpendicular component, however, shifts the output into a direction entirely outside
the span of fR. Since standard eviction operates exclusively on the retained set, it has no
mechanism to recover this orthogonal shift, making the perpendicular error an irreducible
cost of eviction under the renormalization-only paradigm.

Substituting into Eq. (4) and using the orthogonality of the two components, the squared
error decomposes as

∥ f − fR∥2 = w2
E

[
(∥ fE∥ cos θ − ∥ fR∥)2 + ∥ fE∥2 sin2 θ

]
. (6)

The parallel error vanishes when ∥ fE∥ cos θ = ∥ fR∥, but the perpendicular error vanishes
only when sin θ = 0, i.e., when the two sub-outputs are perfectly aligned. Normalizing by
∥ f ∥, the relative error satisfies

∥ f − fR∥
∥ f ∥ = wE · γ(θ), γ(θ) =

√
(∥ fE∥ cos θ − ∥ fR∥)2 + ∥ fE∥2 sin2 θ

∥ f ∥ , (7)

where the amplification coefficient γ(θ) depends on the angle and the sub-output norms,
but not on wE . This multiplicative structure reveals a key insight: even when wE is small, a
large γ(θ) can amplify the residual mass into substantial output error. We examine both
factors empirically on LLaMA-3-8B with N=4096, first under H2O selection as summarized
in Figure 2, then across stronger selection criteria in Table 1.

Existing selection controls wE but not γ(θ). Figure 2(a) shows that wE drops below 0.05
for most layers at L=128, with a network-wide average below 0.08, and Figure 2(e) confirms
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Table 1: Directional gap across selection strategies on LLaMA-3-8B at N=4096, L=128.
Stronger selection cuts the evicted mass by more than half, yet the sub-outputs stay near-
orthogonal and the relative error decreases far more slowly.

Selection avg wE avg cos( fE , fR) avg rel. error

H2O 0.075 −0.011 21.4%
SnapKV 0.043 −0.022 18.7%
PyramidKV 0.039 −0.018 17.9%
Ada-KV 0.034 −0.019 17.2%

that wE decreases monotonically with larger budgets and shorter contexts. However, the
angle θ remains persistently large. Figures 2(b,c) show that cos θ oscillates around zero
across all layers, with 1− cos θ saturated near 1.0 throughout the network, confirming
θ ≈ π/2.

Near-orthogonality produces multiplicative amplification. At θ = π/2, the paral-
lel term in Eq. (6) reduces to ∥ fR∥2 and the perpendicular term equals ∥ fE∥2, giving
γ(π/2) =

√
∥ fE∥2 + ∥ fR∥2 / ∥ f ∥, which remains of order one since both sub-outputs are

attention-weighted averages of bounded value vectors. Figure 2(d) confirms the amplifica-
tion empirically: a network-wide average mass below 0.08 produces over 20% relative error
on average, with peaks above 60% in the shallowest layers. Figure 2(f) shows the pattern
persists across budgets, with shallow layers incurring over 10% error even at L=1024.

Better selection widens the directional gap. Table 1 repeats the analysis under SnapKV,
PyramidKV, and Ada-KV: improving selection from H2O to Ada-KV cuts wE by more
than half, from 0.075 to 0.034, yet cos( fE , fR) stays near zero under every criterion and
the relative error drops by only 20%. The near-orthogonality is thus structural to top-k
selection rather than an artifact of any scoring rule: selection concentrates the retained set
on tokens whose keys align with recent query directions, while the evicted set accumulates
complementary tokens spanning a broader, independent region of the key space (Feng et al.,
2026). Better selection only amplifies the asymmetry, narrowing the directional span of fR
while pushing fE into an even more complementary subspace, so γ(θ) grows even as wE
shrinks and reducing wE alone faces diminishing returns. Addressing the bottleneck requires
approximating the perpendicular component of fE and restoring it during inference.

4 MOMENTKV : Compact Recovery of Evicted Information

4.1 First-Order Approximation via Centered Softmax Expansion

Recall that the evicted attention output fE (q) is a softmax-weighted average over the
evicted values. Since the raw logits can be large, we recenter around the mean evicted key
k̄ = n−1

e ∑i∈E ki and define centered logits δi = q⊤(ki − k̄)/
√

d, which satisfy ∑i∈E δi = 0
by construction and are typically much smaller in magnitude. Because softmax is shift-
invariant, writing si = s̄ + δi where s̄ = q⊤k̄/

√
d, the common factor exp(s̄) cancels in the

ratio:

fE (q) =
∑i∈E exp(δi) vi

∑i∈E exp(δi)
, (8)

leaving fE expressed entirely in terms of the centered logits.

Applying the first-order Taylor expansion exp(δi) ≈ 1+ δi, the zero-sum property ∑i∈E δi =
0 collapses the denominator to ne. In the numerator, the constant term produces the
mean evicted value v̄ = n−1

e ∑i∈E vi, and the linear term produces a matrix-vector product
involving the empirical value-key covariance S̃ = ∑i∈E vi(ki − k̄)⊤ ∈ Rd×d. Dividing by
ne yields the closed-form approximation

f̂E (q) = v̄ +
1

ne
√

d
S̃ q. (9)
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Algorithm 1 Decoding Step for Attention Head

Require: Retained cacheR = {(ki, vi)}; moment statis-
tics (ne, sk, sv, S); new token x; budget L

Ensure: Attention output f̂ (q); updatedR and statistics

1: q, knew, vnew ←WQx, WKx, WVx
2: R ← R∪ {(knew, vnew)}

Phase 1 Moment-Informed Eviction
3: while |R| > L do
4: if ne>0: k̄ ← sk/ne, v̄ ← sv/ne, S̃ ← S −

svs⊤k /ne; else v̄, S̃← 0
5: Compute α← softmax

(
q⊤[kj]j∈R /

√
d
)

6: for each j ∈ R do
7: rj ← vj − v̄− S̃ kj / (ne

√
d) ▷ moment

residual
8: score(j)← αj · ∥rj∥ ▷ low = safe to evict
9: end for

10: Select j∗ ← arg minj∈R score(j)
11: Update ne ← ne + 1
12: Update sk ← sk + kj∗ , sv ← sv + vj∗

13: Update S← S + vj∗ k⊤j∗ ▷ rank-one addition
14: RemoveR ← R \ {j∗}
15: end while

Phase 2 Normalization-Corrected Inference
16: fR, ZR ← Attention(q, R)
17: if ne=0 then return fR ▷ no evicted tokens yet
18: ẐE ← ne · exp

(
q⊤k̄ /

√
d
)
▷ lower bound via Jensen

19: f̂E ← v̄ + S̃ q / (ne
√

d) ▷ moment approximation
20: ŵR ← ZR / (ZR + ẐE ) ▷ mixing weight

21: return ŵR fR + (1− ŵR) f̂E
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Figure 3: Empirical validation on
LLaMA-3-8B at L=128 using the
Qasper dataset. (a) Per-sample evic-
tion loss: H2O vs MOMENTKV .
(b) Layer-wise error and reduction per-
centage. (c) Cosine similarity between
fE and f̂E .

The first term v̄ is a query-independent baseline that recovers the mean direction of the
evicted sub-output, reducing the angle θ in Eq. (5) between the corrected output and the full
output. The second term S̃ q is a query-adaptive correction that captures the perpendicular
variation the baseline alone cannot represent, directly shrinking the ∥ fE∥ sin θ factor in
Eq. (6). To see why, note that different queries activate different subsets of the evicted keys;
the covariance matrix encodes these per-direction correlations between keys and values,
allowing the approximation to shift toward the value vectors most relevant to each query.
The approximation error scales as O(σ2) where σ = maxi∈E |δi|, and a formal bound is
given in Appendix A.

Crucially, Eq. (9) depends on the evicted tokens only through four running sums: the count
ne, the key sum sk = ∑i∈E ki, the value sum sv = ∑i∈E vi, and the outer-product sum S =

∑i∈E vik⊤i . Each statistic is updated by a single addition upon eviction, requiring no storage
or revisiting of evicted tokens. At query time, the means and covariance are recovered
via the identity S̃ = S− svs⊤k /ne, and the total storage per head is O(d2), independent of
context length.

4.2 Moment-Informed Eviction and Normalization-Corrected Inference

Standard eviction ranks tokens by attention weight alone, ignoring the directional content
of their values. The moment statistics from Eq. (9) provide a principled way to distinguish
tokens whose values are already well captured by the summary from those carrying novel
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directional information. For each retained token j, we compute a moment residual

rj = vj − v̄− 1

ne
√

d
S̃ kj, (10)

measuring the discrepancy between its actual value and the prediction of the affine model
evaluated at its own key. The norm ∥rj∥ quantifies how much novel information token j
carries beyond what the accumulated statistics already capture: a small residual indicates
that the token’s value lies near the affine subspace spanned by v̄ and the column space of S̃,
while a large residual signals directional content that would be lost upon eviction.

The eviction score combines the attention weight with the residual norm as score(j) =
αj · ∥rj∥, and the token with the lowest score is evicted first. This multiplicative form ensures
that a high-attention token is retained even if its residual is small, because it contributes
significantly to fR, while a large-residual token is retained even if its attention weight
is low, because evicting it would degrade the moment approximation. The evicted set
therefore gradually accumulates tokens that are well predicted by the moment model,
directly suppressing the centered logit spread σ and tightening the O(σ2) approximation
bound.

Turning to inference, we substitute f̂E from Eq. (9) into the decomposition of Eq. (3) to
recover an estimate of the full attention output. The retained partition function ZR is
available from the standard attention pass. For the evicted partition function, we apply
Jensen’s inequality to the convex exponential function:

ZE = ∑
i∈E

exp(si) = ne ·
1
ne

∑
i∈E

exp(s̄ + δi) ≥ ne · exp

(
s̄ +

1
ne

∑
i∈E

δi

)
= ne · exp(s̄),

(11)
where the last equality uses the zero-sum property ∑i∈E δi = 0. This yields the lower bound
ẐE = ne · exp(q⊤k̄/

√
d) ≤ ZE , with relative error O(σ2) controlled by the logit variance

(see Appendix B). With both components estimated, the corrected output takes the form

f̂ (q) = ŵR fR(q) + (1− ŵR) f̂E (q), ŵR =
ZR

ZR + ẐE
. (12)

Because ẐE underestimates ZE , the weight ŵR slightly exceeds wR, placing more weight on
the exact retained output. This bias is self-regulating: when σ is large, the Jensen gap widens
and ŵE shrinks, limiting the influence of the less accurate approximation; when σ→ 0, the
weights converge to their true values. Compared to standard eviction, which sets wE = 0
and incurs a relative error of wE · γ(θ), Eq. (12) reduces both the effective angle θ and the
amplification coefficient γ(θ), shrinking the overall error below what any improvement in
wE alone could achieve.

The two mechanisms form a reinforcing loop: moment-informed eviction keeps σ small,
tightening both the approximation f̂E ≈ fE and the Jensen bound on ẐE , while the improved
correction yields more reliable residuals for subsequent eviction decisions. Figure 3 provides
empirical evidence: MOMENTKV substantially reduces per-sample eviction loss compared
to H2O, achieves consistent layer-wise error reduction, and maintains high cosine simi-
larity between the true and approximated evicted outputs across all layers. The complete
procedure is given in Algorithm 1.

5 Results

5.1 Experimental Setup

We evaluate on two benchmarks. LongBench (Bai et al., 2024) is a bilingual multitask
benchmark covering single-doc QA, multi-doc QA, summarization, few-shot learning,
synthetic tasks and code completion. RULER (Hsieh et al., 2024) complements LongBench
by probing retrieval, variable tracking, and multi-hop reasoning under controlled context
lengths.
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Table 2: LongBench results across four cache budgets on two models. SQA: single-doc
QA, MQA: multi-doc QA, Few: few-shot learning. Avg is computed over all six categories.
MOMENTKV achieves the highest average score at every budget level, with the largest gains
under aggressive compression. Best in bold, second best underlined.

LLaMA-3.1-8B-Instruct Qwen3-4B-Instruct-2507

Budget Method SQA MQA Few Avg ↑ SQA MQA Few Avg ↑
– Full Cache 44.38 46.54 69.45 49.29 40.25 42.18 65.52 45.13

H2O 34.44 41.83 58.42 42.21 33.82 38.15 57.20 40.86
SnapKV 35.98 42.85 59.57 43.21 36.90 39.48 62.85 43.24128
PyramidKV 37.42 43.98 64.50 44.46 36.45 39.22 62.15 42.90
Ada-KV 37.28 44.31 65.00 45.03 37.52 39.85 63.48 43.64
MOMENTKV 40.15 45.11 66.73 46.38 38.65 40.72 64.18 44.59

H2O 37.78 43.18 61.26 44.28 37.15 40.02 61.85 43.16
SnapKV 39.24 44.47 63.71 45.50 39.22 41.15 63.52 44.38256
PyramidKV 40.71 44.34 66.94 46.01 38.85 40.88 63.10 44.11
Ada-KV 40.23 45.41 67.58 46.79 39.68 41.42 64.15 44.71
MOMENTKV 41.94 45.90 68.42 47.59 39.95 41.85 64.82 45.23

H2O 40.83 44.50 63.66 46.08 39.55 41.42 63.78 44.42
SnapKV 41.77 45.36 67.60 47.29 39.85 41.72 64.38 44.86512
PyramidKV 42.58 45.55 68.23 47.41 39.62 41.55 64.05 44.63
Ada-KV 41.60 45.60 68.50 47.55 40.05 41.88 64.92 45.10
MOMENTKV 43.41 46.17 69.13 48.27 40.18 42.05 65.25 45.45

H2O 43.40 45.84 67.81 48.00 40.02 41.95 65.12 44.94
SnapKV 43.50 46.11 68.60 48.30 40.12 42.05 65.28 45.231024
PyramidKV 43.34 46.23 68.46 48.09 39.95 41.92 65.02 45.07
Ada-KV 43.42 46.32 68.84 48.30 40.22 42.12 65.42 45.33
MOMENTKV 44.28 46.46 69.43 48.89 40.24 42.15 65.48 45.38

We experiment with two models: LLaMA-3.1-8B-Instruct (Grattafiori et al., 2024) with 128K
context and Qwen3-4B-Instruct-2507 (Yang et al., 2025) with 256K context. Both employ
grouped-query attention (GQA) with 32 query heads and 8 KV heads. We compare against
four representative eviction methods: H2O (Zhang et al., 2023), SnapKV (Li et al., 2024b),
PyramidKV (Cai et al., 2024) and Ada-KV (Feng et al., 2024).

Our implementation builds upon Ada-KV (Feng et al., 2024) and adopts the prefill protocol
of SnapKV (Li et al., 2024b): attention scores are accumulated over a 32-token observation
window at the end of the prompt, the first token is retained as an attention sink, adjacent
tokens are merged into chunks of size 4 before scoring, and the cache budget is allocated
adaptively across heads within each layer based on per-head attention mass. The cache
budget is set to L ∈ {128, 256, 512, 1024}, all moment statistics are initialized to zero at the
start of each generation, and all experiments are conducted on two NVIDIA H200 GPUs.

5.2 Main Results

Table 2 reports the LongBench results. MOMENTKV achieves the highest average score at
every budget level on both models. On LLaMA-3.1-8B, it surpasses the strongest baseline
Ada-KV by +1.35 at L=128, retaining 94.1% of the full-cache performance. The gains are
most pronounced on QA and few-shot tasks, which require attending to specific facts scat-
tered across the full context and are therefore most affected by the permanent information
loss that standard eviction introduces. Summarization and code tasks show smaller margins,
as they rely more on local context that is likely retained in the cache. On Qwen3-4B, MO-
MENTKV leads consistently with the largest margin at L=128, confirming that the benefit
generalizes across model architectures and scales.

As shown in Figure 4, the advantage narrows at larger budgets, with the margin over Ada-
KV decreasing to +0.59 at L=1024. This trend follows directly from Eq. (4): a larger budget

8
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reduces the evicted mass wE and leaves less directional error available for correction. Even
at L=1024 where all baselines converge to within 1 point of each other, MOMENTKV still
maintains a consistent lead, suggesting that the moment correction captures information
that improved selection alone cannot recover.

Table 3 reports RULER results at 16K with L=128. MOMENTKV outperforms Ada-KV
by +3.4 on LLaMA-3.1-8B and +3.5 on Qwen3-4B, proportionally larger margins than on
LongBench. RULER tasks require precise retrieval of specific tokens embedded at controlled
positions, making them especially sensitive to the loss of evicted information and validating
that the moment correction is most valuable in retrieval-intensive settings. The margin
widens further with context length: on LLaMA-3.1-8B it grows to +4.8 at 64K (73.5 vs. 68.7)
and +5.7 at 128K (68.1 vs. 62.4), with Qwen3-4B showing the same +5.7 margin at 128K
(63.8 vs. 58.1). Longer contexts produce larger evicted populations per decoding step and
hence more directional information for the correction to recover, consistent with Eq. (4). The
benefit also persists at scale: on LLaMA-3.1-70B-Instruct at 16K, MOMENTKV leads Ada-KV
by +3.3 (82.8 vs. 79.5), comparable to the margin at 8B. Appendix ?? provides the per-task
breakdown across context lengths.

5.3 Ablation and Further Analysis

Table 3: RULER scores (16K, L=128).
MOMENTKV leads by +3.4 and +3.5
over Ada-KV.

Method LLaMA-3.1 Qwen3-4B

Full Cache 85.2 80.5

H2O 62.8 58.5
SnapKV 71.5 66.2
PyramidKV 70.2 65.5
Ada-KV 73.8 68.5
MOMENTKV 77.2 72.0
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Figure 4: LongBench avg. score across
cache budgets on LLaMA-3.1-8B. The
advantage is largest at small L and nar-
rows as the budget grows.

Table 4 isolates the two components of MOMEN-
TKV, with SnapKV as the baseline. Moment-
informed eviction (MI) alone yields +0.57 at
L=128, while normalization-corrected inference
(NC) alone contributes +2.41; the ∼4× ratio
matches the analysis in Section 3, where the domi-
nant error source is the amplification coefficient
γ(θ) that only NC addresses. Combining both
achieves +3.17, exceeding the sum of individual
gains by +0.19 due to the reinforcing loop de-
scribed in Section 4.2.

The reinforcing loop admits a direct measurement
through the centered logit spread σ, which governs
both the first-order approximation error and the
Jensen gap. At L=128, H2O, SnapKV, and Ada-
KV produce evicted sets with average σ of 1.74,
1.62, and 1.58, whereas moment-informed evic-
tion reduces it to 1.31; at L=1024 the reduction
deepens from 1.38 under Ada-KV to 1.15. Every
measured value stays below 1.8 across layers, com-
fortably within the regime where the expansion is
well behaved, and the shrinkage of σ with larger
budgets explains why the recovery percentage in
Appendix ?? grows monotonically even as the ab-
solute margin narrows. MI thus regularizes the
evicted geometry, the tightened bounds make the
NC correction more faithful, and the sharper resid-
uals feed back into subsequent eviction, producing
the excess beyond the sum of individual gains.

Table 5 compares approximation orders and their overhead. The zeroth-order variant (mean
value v̄ only, O(d) per head) already improves over SnapKV by +0.94, showing that a
query-independent correction alone recovers useful evicted information. The first-order
approximation adds O(d2) storage per head (4.1 MB total, 6.4% of retained cache) and
1.6 ms latency, yet more than triples the gain by capturing query-dependent directional
variation. Both costs are determined by d and do not grow with context length, keeping
MOMENTKV practical for arbitrarily long sequences while cutting per-token latency by over
65% relative to the full cache.

9
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Table 4: Component ablation on
LongBench avg. score (LLaMA-3.1-8B).
MI: moment-informed eviction, NC:
normalization-corrected inference.

MI NC L=128 L=256 L=512

43.21 45.50 47.29
✓ 43.78 +0.57 45.85 +0.35 47.52 +0.23

✓ 45.62 +2.41 47.05 +1.55 47.98 +0.69

✓ ✓ 46.38 +3.17 47.59 +2.09 48.27 +0.98

Table 5: Approximation order and overhead on
LongBench avg. score (LLaMA-3.1-8B, L=128).
Baseline: SnapKV.

Approx. Avg. ∆ Aux. Mem. Lat./tok

None (SnapKV) 43.21 – 0 8.2 ms
0th (v̄) 44.15 +0.94 2d 8.4 ms
1st (ours) 46.38 +3.17 d2+2d 9.8 ms

Full Cache 49.29 – Full 28.5 ms

Table 6: Comparison with KVCrush on
LongBench (LLaMA-3.1-8B, L=128, three
seeds). NC: our normalization-corrected
inference on top of KVCrush selection.

Method SQA MQA Few Avg

Ada-KV 37.28 44.31 65.00 45.03
KVCrush 38.92 44.85 65.74 45.71
MOMENTKV 40.15 45.11 66.73 46.38

KVCrush + NC 40.84 45.32 66.95 46.71

Table 7: End-to-end serving under vLLM (v0.7)
with continuous batching (LLaMA-3.1-8B, batch
16). TTFT on 8K prompts, peak memory at 32K
context.

Metric Full SnapKV Ada-KV MOMENTKV

Throughput (tok/s) 412 1872 1814 1632
TTFT (ms) 487 412 437 478
Bandwidth util. (%) 78 64 65 71
Peak memory (GB) 41.2 9.8 10.1 10.4

Table 6 further compares against KVCrush (Jha et al., 2025), which evicts tokens whose
binary head-attention signatures are redundant, a low-cost proxy for directional diversity at
the selection layer. In our three-seed reimplementation, KVCrush improves over Ada-KV by
+0.68, yet MOMENTKV still leads by +0.67: under Eq. (4), KVCrush reduces wE but retains
renormalization-only inference and offers no estimate of fE . Stacking our normalization-
corrected inference on KVCrush selection adds a further +1.00, indicating that the two
mechanisms act on different terms of the error decomposition and combine constructively.

Beyond accuracy, Table 7 reports end-to-end measurements under vLLM (v0.7) with contin-
uous batching. MOMENTKV retains 90% of the Ada-KV throughput while delivering the
largest accuracy gains in Table 2, with peak memory at 32K context within 3% of Ada-KV.
Bandwidth utilization rises by 6 to 7 percentage points over the selection-only baselines, as
the moment statistics occupy a small contiguous buffer that keeps the memory subsystem
saturated. Time-to-first-token grows by 41 ms owing to moment accumulation during prefill,
and the per-step latency ratio against SnapKV shrinks from 1.20× at L=128 to 1.15× at
L=4096 as kernel-launch costs amortize; Appendix C.3 details the full breakdown.

6 Conclusion

We have shown that a key source of quality loss in KV cache eviction is not insufficient
token selection but the directional mismatch between retained and evicted sub-outputs,
which renormalization-only inference cannot fully address. MOMENTKV closes this gap by
maintaining compact moment statistics over the evicted set that serve a dual role: guiding
eviction toward tokens already well captured by the accumulated summary, and providing a
closed-form first-order correction to the post-eviction attention output. The two mechanisms
form a reinforcing loop, as moment-informed eviction suppresses the centered logit spread
σ that controls the approximation error, while accurate correction yields more reliable
residuals for subsequent eviction decisions. Experiments on LongBench and RULER with
two model families confirm consistent improvements at every cache budget, with the largest
gains under aggressive compression in retrieval-intensive tasks. Future directions include
per-head adaptive approximation orders and integration with orthogonal techniques such
as quantization and low-rank factorization.
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Appendix

A Derivation of the First-Order Approximation

We derive Eq. (9) in full detail, describe the incremental maintenance of the underlying
sufficient statistics, and provide a quantitative bound on the approximation error.

A.1 Centered Softmax and First-Order Expansion

The softmax function is invariant to additive shifts: for any constant c,

exp(si + c)
∑j exp(sj + c)

=
exp(si)

∑j exp(sj)
. (13)

Define the mean evicted key k̄ = 1
ne

∑i∈E ki, the mean logit s̄(q) = q⊤k̄/
√

d, and the
centered logit

δi(q) =
q⊤(ki − k̄)√

d
= si(q)− s̄(q). (14)

By construction,

∑
i∈E

δi(q) =
q⊤√

d
∑
i∈E

(ki − k̄) = 0 (15)

for every query q. The zero-sum property is the key structural ingredient that makes the
first-order expansion exact in the denominator and confines all approximation error to
second-order terms. Since si = s̄ + δi, the common factor exp(s̄) cancels in the softmax ratio:

fE (q) =
∑i∈E exp(δi) vi

∑i∈E exp(δi)
. (16)

We now apply the Taylor expansion exp(δi) = 1 + δi +
1
2 δ2

i eξi for some ξi between 0 and δi,
retaining only first-order terms. Let σ = maxi∈E |δi| denote the maximum centered logit
magnitude, which controls the quality of the approximation throughout.

For the denominator, the zero-sum property (15) eliminates the linear term:

∑
i∈E

exp(δi) = ne + ∑
i∈E

δi︸ ︷︷ ︸
= 0

+Rden = ne + Rden, (17)

where |Rden| ≤ 1
2 eσ ∑i∈E δ2

i ≤
neσ2

2 eσ. Without the zero-sum property, the denominator
would contain an O(σ) linear term, and the overall approximation would degrade to O(σ)
rather than O(σ2).

For the numerator, expanding and separating terms:

∑
i∈E

exp(δi) vi = ∑
i∈E

vi︸ ︷︷ ︸
= ne v̄

+ ∑
i∈E

δi vi + Rnum, (18)

where v̄ = 1
ne

∑i∈E vi and ∥Rnum∥ ≤ neσ2Vmax
2 eσ with Vmax = maxi∈E ∥vi∥. Unlike the

denominator, the linear term in the numerator does not vanish because the δi are weighted
by distinct value vectors vi. It is precisely this surviving linear term that provides the
query-adaptive correction in the final approximation.

Substituting δi = q⊤(ki − k̄)/
√

d into the linear term and factoring:

∑
i∈E

δi vi =
1√
d

∑
i∈E

vi (ki − k̄)⊤q =
1√
d

(
∑
i∈E

vi(ki − k̄)⊤
)

q =
S̃√

d
q, (19)
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where S̃ = ∑i∈E vi(ki − k̄)⊤ ∈ Rd×d is the empirical cross-covariance between evicted
values and centered keys. The matrix S̃ encodes how the value vectors co-vary with key
directions across the evicted set: for a query q aligned with a particular key direction, the
product S̃q retrieves the corresponding value component, enabling the approximation to
adapt to different query directions. The numerator approximation thus becomes

∑
i∈E

exp(δi) vi ≈ nev̄ +
S̃√

d
q. (20)

Dividing Eq. (20) by ne from Eq. (17) yields

f̂E (q) = v̄ +
1

ne
√

d
S̃ q, (21)

which is Eq. (9). The approximation is an affine function of the query: the intercept v̄ captures
the query-independent mean of the evicted sub-output, and the linear term S̃q/(ne

√
d)

captures the first-order query-dependent variation around the mean.

The matrix S̃ can be computed from four running sums without revisiting any evicted token.
Define the sufficient statistics

ne = |E |, sk = ∑
i∈E

ki, sv = ∑
i∈E

vi, S = ∑
i∈E

vik⊤i . (22)

Using sv = nev̄ and k̄ = sk/ne:

S̃ = ∑
i∈E

vi(ki − k̄)⊤ = ∑
i∈E

vik⊤i −
(

∑
i∈E

vi

)
k̄⊤ = S−

svs⊤k
ne

, (23)

which is analogous to the standard computational formula Cov(X, Y) = E[XY]−E[X]E[Y],
applied to the empirical distribution over evicted tokens. At query time, the full set of
inference quantities is recovered as

k̄ =
sk
ne

, v̄ =
sv

ne
, S̃ = S−

svs⊤k
ne

. (24)

When token j∗ is evicted from the retained set, the statistics are updated by simple addition:

ne += 1, sk += kj∗ , sv += vj∗ , S += vj∗k⊤j∗ . (25)

Each update consists of a rank-one addition to S and vector additions to sk and sv, at O(d2)
cost per eviction step. The update is purely additive: no evicted token needs to be stored or
revisited after incorporation into the statistics, and the cost is independent of ne.

The scalar ne is negligible in storage. The vectors sk, sv ∈ Rd together require 2d values,
and the dominant cost is the matrix S ∈ Rd×d, requiring d2 values. For d = 128 with 16-bit
precision, S occupies 128× 128× 2 = 32,768 bytes ≈ 32 KB per head, equivalent to 64 KV
pairs. Including sk and sv, the total per-head overhead is equivalent to roughly 128 KV
pairs, independent of the context length N. For a model with Llayers layers and H KV heads
per layer, the total overhead is Llayers × H × (d2 + 2d)× 2 bytes. Table 8 reports concrete
values for the two experimental models.

Table 8: Moment statistics storage overhead. Retained cache size computed at L=128 with
16-bit precision.

Model Llayers H d Moment Overhead % of Retained Cache

LLaMA-3.1-8B 32 8 128 8.5 MB 6.4%
Qwen3-4B 36 8 128 9.6 MB 7.2%

The overhead is modest in both absolute and relative terms. As the cache budget L increases,
the relative overhead decreases proportionally since the moment storage is fixed at O(d2)
per head while the retained cache grows as O(Ld). At L=1024, the moment statistics account
for less than 1% of the total memory footprint.
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A.2 Quantitative Error Bound

We bound the gap ∥ fE (q)− f̂E (q)∥. Write the exact numerator and denominator of Eq. (16)
as

A = nev̄ +
S̃ q√

d
+ Rnum, B = ne + Rden, (26)

so that fE = A/B. Expanding B−1 = n−1
e (1 + Rden/ne)−1 to first order:

A
B

=
A
ne

(
1− Rden

ne
+ O

(
R2

den
n2

e

))

=
A
ne
− A · Rden

n2
e

+ O(σ4). (27)

Since f̂E = (A− Rnum)/ne, the difference is

fE − f̂E =
Rnum

ne
− A · Rden

n2
e

+ O(σ4). (28)

The first term arises from the numerator remainder (the second-order Taylor residual
weighted by value vectors), and the second from the denominator remainder propagated
through the division. Taking norms and substituting the remainder bounds from Eqs. (17)–
(18):

∥ fE (q)− f̂E (q)∥ ≤
∥Rnum∥

ne
+
∥A∥ · |Rden|

n2
e

+ O(σ4)

≤ σ2eσ

2
Vmax +

(∥ f̂E∥+ ∥Rnum∥
ne

) · neσ2

2 eσ

n2
e

+ O(σ4)

=
σ2eσ

2

(
Vmax + ∥ f̂E∥

)
+ O(σ4) = O(σ2). (29)

The bound admits a geometric interpretation. The Cauchy–Schwarz inequality gives |δi| =
|q⊤(ki − k̄)|/

√
d ≤ ∥q∥ · ∥ki − k̄∥/

√
d, so σ ≤ ∥q∥ · rmax/

√
d where rmax = maxi∈E ∥ki −

k̄∥ is the maximum key deviation from the centroid. Substituting into Eq. (29):

∥ fE − f̂E∥ ≤
∥q∥2

2d
e∥q∥rmax/

√
d r2

max

(
Vmax + ∥ f̂E∥

)
+ O(σ4). (30)

Three factors control approximation quality. First, the key spread rmax: the approximation
is tightest when evicted keys cluster around their centroid k̄, and the moment-informed
eviction criterion in Section 4.2 directly promotes small rmax by preferentially evicting tokens
whose keys are close to k̄ and whose values are well predicted by the affine model. Second,
the query norm ∥q∥: larger query norms amplify the centered logits, but in practice query
norms are bounded by the layer normalization applied before the attention projection. Third,
the head dimension d: the 1/d factor reflects the 1/

√
d scaling applied to attention logits,

and for the standard d=128 used in both experimental models, this provides approximately
an 11× reduction in logit magnitude compared to unnormalized dot products.

The moment residual rj = vj − v̄− S̃kj/(ne
√

d) used in the eviction score (Eq. 10) connects
directly to the error bound. A token with small ∥rj∥ has its value well predicted by the
affine model, meaning that adding it to the evicted set increases ne without substantially
increasing Vmax or rmax in Eq. (30). Conversely, a token with large ∥rj∥ would introduce a
value vector that deviates from the affine subspace, potentially increasing both ∥Rnum∥ and
rmax. The multiplicative score αj · ∥rj∥ therefore jointly minimizes the impact on both the
retained output quality (through αj) and the approximation quality (through ∥rj∥).

B Jensen Bound on the Evicted Partition Function

We derive the estimate ẐE = ne exp(s̄) used in Eq. (12), analyze its tightness, and character-
ize the self-regulating behavior of the resulting mixing weight.
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B.1 Derivation and Tightness

The true evicted partition function is ZE = ∑i∈E exp(si). Writing si = s̄ + δi with s̄ =

q⊤k̄/
√

d:

ZE = exp(s̄) ∑
i∈E

exp(δi)

= ne exp(s̄) · 1
ne

∑
i∈E

exp(δi)

≥ ne exp(s̄) · exp

(
1
ne

∑
i∈E

δi

)
= ne exp(s̄), (31)

where the inequality applies Jensen’s inequality to the convex function exp(·), and the final
equality uses the zero-sum property ∑i δi = 0. Thus ẐE = ne exp(s̄) ≤ ZE is a lower bound.

To quantify tightness, expand exp(δi) = 1 + δi +
1
2 δ2

i + O(δ3
i ) and apply the zero-sum

property:
ZE
ẐE

=
1
ne

∑
i∈E

exp(δi) = 1 +
1

2ne
∑
i∈E

δ2
i + O(σ3). (32)

Defining the variance of the centered logits as Var(δ) = 1
ne

∑i∈E δ2
i , the ratio simplifies to

ZE
ẐE

= 1 +
1
2

Var(δ) + O(σ3), (33)

so the relative error is determined by the logit variance and scales as O(σ2), consistent
with the output approximation error in Eq. (29). The logit variance admits a closed-form
expression in terms of the evicted key covariance:

Var(δ) =
1
ne

∑
i∈E

δ2
i =

q⊤

d

(
1
ne

∑
i∈E

(ki − k̄)(ki − k̄)⊤
)

q =
q⊤Σkq

d
, (34)

where Σk = 1
ne

∑i∈E (ki − k̄)(ki − k̄)⊤ is the key covariance of the evicted set. The Jensen
gap is therefore controlled by the projection of the query onto the principal axes of the
evicted key distribution: queries aligned with high-variance key directions produce larger
gaps, while queries orthogonal to the evicted key spread yield near-tight bounds.

B.2 Effect on the Mixing Weight

Underestimating ZE causes ŵR = ZR/(ZR + ẐE ) to exceed the true weight wR = ZR/Z.
Let ϵ = (ZE − ẐE )/ẐE denote the relative underestimation, so ZE = (1 + ϵ)ẐE with
ϵ = 1

2 Var(δ) + O(σ3) from Eq. (33). Substituting into the weight difference:

ŵR − wR =
ZR

ZR + ẐE
− ZR

ZR + (1 + ϵ)ẐE

=
ZR · ϵẐE

(ZR + ẐE )(ZR + ZE )

= wR · ŵE ·
ϵ

1 + ϵŵE
= O(σ2), (35)

where ŵE = ẐE/(ZR + ẐE ). The weight bias is second order in σ and proportional to
the product wR · ŵE , which is at most 1/4 (attained when wR = ŵE = 1/2). In the
typical operating regime where most attention mass is retained (wR ≫ wE ), the product is
dominated by the small factor ŵE , further suppressing the weight bias.

The interaction between the Jensen bound and the moment approximation gives rise to a self-
regulating mechanism. When the evicted keys are tightly clustered (σ→ 0), three quantities

17



Published as a conference paper at COLM 2026

simultaneously converge: the output approximation becomes exact (∥ f̂E − fE∥ = O(σ2)→
0), the Jensen bound becomes tight (ẐE/ZE → 1), and the mixing weight converges to its
true value (ŵR −wR = O(σ2)→ 0). In the limit, the corrected output f̂ (q) converges to the
true full attention output f (q), and eviction introduces zero error. The moment-informed
eviction criterion actively drives the system toward the small-σ regime by preferentially
evicting tokens well predicted by the affine model, as analyzed in Section 4.2.

In the opposite regime (σ → ∞), the first-order approximation becomes unreliable, but
the Jensen gap grows as ZE/ẐE ≈ 1 + 1

2 Var(δ), meaning ẐE ≪ ZE . The estimated evicted
weight ŵE = ẐE/(ZR + ẐE ) therefore shrinks, and ŵR increases toward 1. To see this
explicitly, observe that

ŵE =
wE · (ẐE/ZE )

wR + wE · (ẐE/ZE )
. (36)

As σ grows, ẐE/ZE → 0, so ŵE → 0 regardless of the true evicted mass wE . The corrected
output places progressively more weight on the exact fR(q) and less on the potentially
inaccurate f̂E (q), gracefully degrading to standard eviction rather than corrupting the
output with an unreliable correction.

Combining both regimes, the corrected output f̂ (q) is always at least as accurate as the
standard eviction output fR(q). When σ is small, f̂E ≈ fE and ŵE ≈ wE , so the correction
closely recovers the lost evicted component. When σ is large, ŵE → 0 suppresses the
correction before the approximation error in f̂E can propagate. The Jensen underestimate
thus acts as a natural regularizer, automatically calibrating the influence of the moment
approximation to its reliability.

C Computational Complexity and Numerical Considerations

C.1 Per-Step Complexity Analysis

Table 9 compares the per-step complexity of MOMENTKV against the baselines. All methods
share the attention cost of O(Ld) over L retained tokens, so we focus on the additional costs
of eviction and correction. H2O selects tokens from cumulative attention scores in O(L)
time; SnapKV, PyramidKV, and Ada-KV accumulate scores over an observation window of
size w during prefill at O(wL) cost; none performs any correction after eviction.

Table 9: Per-step complexity for a single attention head. L: cache budget, d: head dimension,
w: observation window size. Storage refers to auxiliary overhead beyond the retained cache.

Method Eviction Correction Auxiliary Storage

H2O O(L) – O(L)
SnapKV O(wL) – O(L)
PyramidKV O(wL) – O(L)
Ada-KV O(wL) – O(L)
MOMENTKV O(Ld2) O(d2) O(d2)

MOMENTKV introduces two additional costs. During eviction, the moment residual of
Eq. (10) requires one matrix-vector product at O(d2) per retained token, totaling O(Ld2).
During inference, the correction computes f̂E in O(d2) and the mixing weight in O(1), and
the rank-one statistic update upon each eviction also costs O(d2).

Although O(Ld2) exceeds the O(wL) eviction cost of the baselines asymptotically, the
practical overhead stays modest: the matrix-vector product S̃ kj operates on a fixed 128× 128
matrix executed as a single BLAS-2 call, and the eviction loop runs at most once per
generated token. Table 5 confirms the practical impact, with 1.6 ms added per-token latency
over SnapKV while the gap to the full cache shrinks by over half.
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Score buffers of the four baselines grow as O(L), whereas the moment statistics occupy
O(d2) independent of both L and the context length N, amounting to 6 to 7% of the retained
cache at L=128 (Table 8) and below 1% at L=1024. Measured timings that substantiate the
asymptotic picture appear in Appendix C.3.

C.2 Numerical Stability

The moment statistics are maintained in half-precision (FP16 or BF16) to match the KV
cache format. Two error sources arise: overflow in the outer-product accumulation S, and
catastrophic cancellation in the covariance recovery S̃ = S− svs⊤k /ne.

Key and value entries are of magnitude O(1) after layer normalization and the attention
projection, so individual products rarely exceed O(1), and even sums over ne = 10,000
evicted tokens stay well within the FP16 range of roughly ±6.5× 104; BF16 extends the
range to ±3.4× 1038.

Cancellation can occur when the subtracted term svs⊤k /ne is large and nearly equal to S,
i.e., when ∥S̃∥ is small relative to ∥S∥. Two mechanisms mitigate it: moment-informed
eviction produces evicted sets with moderate spread rather than extreme concentration,
keeping S̃ away from degeneracy, and entries of S̃ whose magnitude falls below τ = 10−6

are clamped to zero. Comparing FP16 against FP32 statistics on LLaMA-3.1-8B at L=128
changes the LongBench average by less than 0.05 in every category, negligible against the
O(σ2) approximation error.

One remaining concern is the exponential in ẐE = ne · exp(q⊤k̄/
√

d), whose argument can
be large in absolute value. We compute the mixing weight in the log domain:

log ŵR = log ZR − log(ZR + ẐE ) = log ZR − logsumexp(log ZR, log ne + s̄), (37)

where logsumexp(a, b) = max(a, b) + log(1 + exp(−|a− b|)) is stable by construction. The
retained partition function ZR is already available in log form from the standard attention
computation, so no additional exponentiation is required.

C.3 System-Level Breakdown

We report absolute measurements on a single NVIDIA H200 GPU under FlashAttention-2,
with the serving numbers in Table 7 obtained under vLLM (v0.7) with continuous batching.
Table 10 decomposes the memory footprint across context lengths. The retained cache
at L=128 and the moment statistics are both invariant to the context length N; only the
transient activation peak scales with N, so the relative weight of the moment statistics stays
constant as context grows.

Table 10: Memory footprint across context lengths on LLaMA-3.1-8B at L=128. Both
persistent components are invariant to the context length.

Component 8K ctx 32K ctx 128K ctx

Retained KV cache 16.8 MB 16.8 MB 16.8 MB
Moment statistics 8.5 MB 8.5 MB 8.5 MB
Activation peak O(N) O(N) O(N)

Table 11 decomposes the latency by stage. Prefill populates the moment statistics during
initial eviction and costs 9.4% over Ada-KV on an 8K prompt, while decoding queries the
statistics at each step. The decoding overhead is dominated by the residual computation of
Eq. (10); the isolated moment update (rank-one BLAS-2) and moment query (matrix-vector)
are individually negligible.

Table 12 reports the per-step decoding latency across cache budgets. The ratio against
SnapKV decreases from 1.20× at L=128 to 1.15× at L=4096 as fixed kernel-launch costs

19



Published as a conference paper at COLM 2026

Table 11: Latency decomposition on LLaMA-3.1-8B (L=128, single H200, FlashAttention-2).

Stage SnapKV Ada-KV MOMENTKV

Prefill (8K prompt) 412 ms 437 ms 478 ms
Per-token decode 8.2 ms 8.6 ms 9.8 ms
Moment update only – – 0.21 ms
Moment query only – – 0.18 ms

amortize, and the relative moment overhead shrinks in the same direction since the retained
cache scales with L while the moment statistics do not.

Table 12: Per-step decoding latency across cache budgets on LLaMA-3.1-8B.

L SnapKV MOMENTKV Ratio

128 8.2 ms 9.8 ms 1.20×
1024 12.4 ms 14.7 ms 1.19×
4096 24.8 ms 28.6 ms 1.15×

D Extended Experimental Results

D.1 Scaling Behavior and Gap Analysis

Table 13: Gap analysis on LongBench avg. score with LLaMA-3.1-8B. ∆Ada: margin over
Ada-KV. Recovery: fraction of the remaining gap to full cache (49.29) closed by MOMEN-
TKV relative to Ada-KV.

L Ada-KV MOMENTKV ∆Ada Recovery

128 45.03 46.38 +1.35 31.7%
256 46.79 47.59 +0.80 32.0%
512 47.55 48.27 +0.72 41.4%
1024 48.30 48.89 +0.59 59.6%

Table 13 reports the margin over Ada-KV and the fraction of the remaining gap to the
full cache that MOMENTKV closes at each budget. The absolute margin decreases from
+1.35 at L=128 to +0.59 at L=1024, consistent with Section 3: larger budgets shrink wE
and leave less directional information to recover. The recovery percentage instead increases
monotonically from 31.7% to 59.6%, since smaller and more homogeneous evicted sets
reduce σ and tighten the first-order approximation.

The opposing trends reflect the two factors in Eq. (7): small L offers ample mass to recover
but a diverse evicted set that limits approximation accuracy, while large L caps the recov-
erable mass but conditions the evicted set well. The recovery percentage therefore tracks
approximation quality more directly than the absolute margin.

Qwen3-4B follows the same pattern with smaller absolute margins, reflecting its narrower
gap between Ada-KV and the full cache (1.49 at L=128, against 4.26 on LLaMA-3.1-8B). Its
recovery percentages are comparable to those on LLaMA-3.1-8B, indicating that approxi-
mation quality is governed by the geometry of the evicted set rather than model-specific
factors.
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Table 14: Per-category improvement of MOMENTKV over Ada-KV on LongBench at L=128.

LLaMA-3.1-8B Qwen3-4B
Category Ada-KV MOMENTKV ∆ Ada-KV MOMENTKV ∆

Single-doc QA 37.28 40.15 +2.87 37.52 38.65 +1.13
Multi-doc QA 44.31 45.11 +0.80 39.85 40.72 +0.87
Few-shot 65.00 66.73 +1.73 63.48 64.18 +0.70
Summarization 25.42 25.85 +0.43 24.68 24.95 +0.27
Synthetic 72.50 73.80 +1.30 68.20 69.45 +1.25
Code 58.65 59.10 +0.45 55.80 56.12 +0.32

D.2 Task-Level Breakdown

Table 14 breaks down the improvement over Ada-KV at L=128; the gains distribute unevenly
and follow the directional error analysis. Single-doc QA improves most (+2.87 on LLaMA-
3.1-8B), since these tasks retrieve facts scattered sparsely across one long document whose
directional information standard eviction permanently discards. Multi-doc QA spreads
relevant tokens across documents, so the retained cache preserves some of them and the
margin narrows (+0.80 and +0.87). Few-shot tasks gain +1.73 because in-context examples
positioned far from the query are frequently evicted under tight budgets and the correction
restores their contribution. Summarization and code show the smallest margins (+0.43 and
+0.45), relying mostly on local context that the retained cache already covers. Synthetic
tasks gain +1.30 and +1.25, echoing the RULER results.

Table 15 reports the per-task RULER breakdown on LLaMA-3.1-8B across context lengths. At
16K, retrieval-intensive tasks benefit disproportionately: NIAH-multivalue gains +4.6 and
variable tracking +4.4, against +2.2 on QA, because these tasks embed target tokens at con-
trolled positions whose directional information is permanently lost under renormalization-
only inference. The margins widen with context length, averaging +4.8 at 64K and +5.7 at
128K, and Qwen3-4B shows the same +5.7 aggregate margin at 128K (63.8 vs. 58.1); longer
contexts produce larger evicted populations per decoding step and hence more recoverable
directional information. The benefit also holds at scale: on LLaMA-3.1-70B-Instruct at
16K, MOMENTKV leads Ada-KV by +3.3 (82.8 vs. 79.5), proportionally matching the +3.4
observed at 8B.

Table 15: Per-task RULER results on LLaMA-3.1-8B at L=128. Evaluation at 64K and 128K
covers the retrieval subsets.

Task Ctx Ada-KV MOMENTKV ∆

NIAH-single 16K 92.4 95.1 +2.7
NIAH-multikey 16K 78.6 82.5 +3.9
NIAH-multivalue 16K 71.2 75.8 +4.6
Variable tracking 16K 65.8 70.2 +4.4
Common words extract 16K 84.1 86.9 +2.8
QA 16K 51.0 53.2 +2.2

NIAH-single 64K 71.3 76.4 +5.1
NIAH-multikey 64K 58.4 64.1 +5.7
Variable tracking 64K 42.5 48.3 +5.8

NIAH-single 128K 58.7 65.2 +6.5
NIAH-multikey 128K 46.2 53.1 +6.9
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D.3 Component Interaction Analysis

The component ablation in Table 4 reveals a consistent super-additive interaction between
moment-informed eviction (MI) and normalization-corrected inference (NC): the individual
gains sum to +2.98, +1.90, and +0.92 at L=128, 256, and 512, while the combined system
reaches +3.17, +2.09, and +0.98, with excesses of +0.19, +0.19, and +0.06.

Table 16 grounds the interaction in the centered logit spread σ, extending the measurements
summarized in Section 5.3. Relative to the window-based baselines at L=128, MI reduces σ
by 25% against H2O, 19% against SnapKV, and 17% against Ada-KV, with the same ordering
at uniformly lower levels at L=256. The reduction tightens both the first-order output
bound (Eq. (29)) and the Jensen bound on ẐE (Eq. (33)), making NC more accurate, and the
more faithful affine model in turn yields sharper residuals for subsequent eviction. The
excess is accordingly largest at the tightest budget, where more tokens are evicted per step
and MI exerts the greatest control over σ.

Table 16: Average centered logit spread σ of the evicted set under different selection criteria
(LLaMA-3.1-8B).

Selection L=128 L=256

H2O 1.74 1.52
SnapKV 1.62 1.41
Ada-KV 1.58 1.38
MOMENTKV (MI) 1.31 1.15

NC contributes 3 to 4 times more than MI across all budgets tested. Since baseline selection
already pushes wE below 0.08 at L=128, further selection refinement yields small marginal
returns, whereas NC attacks the uncontrolled amplification γ(θ) directly by supplying an
estimate of fE that shrinks the effective angle. Both contributions shrink as the budget
grows, following Eq. (4), yet their ratio stays near 4×, indicating that the balance between
the two mechanisms is set by the structure of the error decomposition rather than the budget
level.

MI without NC can hurt individual categories, notably summarization, where tokens
with small moment residuals may still support local coherence. Combined with NC, the
correction compensates for suboptimal eviction decisions, and the full system outperforms
both components in every category, underscoring that the two mechanisms should be
deployed together.

E Deployment Extensions

Serving systems such as vLLM manage the KV cache in fixed-size pages rather than in-
dividual tokens. Moment statistics extend naturally to paged eviction: the page score is
the sum of token-level scores within the page, the lowest-scoring page is evicted as a unit,
and all tokens of the evicted page are folded into the moment summary through consec-
utive rank-one updates. Table 17 reports the accuracy cost on LLaMA-3.1-8B at L=128.
At the vLLM default page size of 16, page-level eviction costs only 0.33 points, leaving
MOMENTKV ahead of Ada-KV by +1.02; the degradation grows with page size because
coarser granularity forces high-residual tokens to be evicted alongside their well-predicted
neighbors.

We also examine a hybrid allocation that splits the budget between SnapKV scoring and
moment-residual scoring, with both populations contributing to a single moment summary
upon eviction. Table 18 shows that accuracy increases monotonically with the share assigned
to moment-residual scoring, and pure MOMENTKV scoring remains best. The hybrid
nevertheless offers a practical knob: residuals are computed only for the moment-scored
fraction of the cache, so the split caps the residual computation cost when latency budgets
are tight.

22



Published as a conference paper at COLM 2026

Table 17: Paged eviction on LLaMA-3.1-8B at L=128. Page score is the sum of token scores
within the page.

Granularity LongBench Avg

Token-level (paper) 46.38
Page-level (size 8) 46.21 (−0.17)

Page-level (size 16) 46.05 (−0.33)

Page-level (size 32) 45.62 (−0.76)

Table 18: Hybrid budget allocation on LLaMA-3.1-8B at L=128, splitting the budget between
SnapKV scoring and moment-residual scoring.

Split (SnapKV : moment) LongBench Avg

128 : 0 (SnapKV only) 43.21
96 : 32 44.95
64 : 64 45.83

0 : 128 (MOMENTKV only) 46.38

F Related Work

KV cache eviction methods differ chiefly in how token importance is scored. Sliding-window
approaches retain sink and recent tokens without evaluating intermediate content (Xiao
et al., 2023; Li et al., 2026d), while top-k methods rank cached tokens by cumulative at-
tention (Zhang et al., 2023; Liu et al., 2023), prefill observation windows (Li et al., 2024b),
or adaptive budget allocation across layers and heads (Cai et al., 2024; Feng et al., 2024;
Chang et al., 2026). More recent work incorporates value geometry into the score, through
value norms (Devoto et al., 2024), anchor-direction projection (Geng et al., 2025), output-
perturbation criteria (Feng et al., 2025; Goel et al., 2025), key similarity (Park et al., 2026),
worst-case-aware selection (Feng et al., 2026), and cross-head attention signatures (Jha et al.,
2025). All of these operate at the selection layer and apply renormalization-only inference;
under the decomposition of Eq. (4), they reduce wE and at best partially γ(θ), but restore no
estimate of fE .

Orthogonal to eviction, the cache footprint can be reduced through quantization (Hooper
et al., 2024; Liu et al., 2024), low-rank projection (Chang et al., 2025), token merging (Wang
et al., 2024), and learned dynamic compression (Nawrot et al., 2024; Li et al., 2026c). These
techniques compress the retained representation rather than deciding what to discard,
compose freely with eviction, and integrating them with the moment correction remains
future work.

Benchmark studies document the accuracy cost of compression across task types (Yuan et al.,
2024), and diagnostic work characterizes when value-aware eviction helps or hurts (?Li
et al., 2026b). Perturbation-based scores (Feng et al., 2025; Goel et al., 2025) come closest to
our correction by selecting tokens according to their effect on the attention output, yet they
still discard the losers irrevocably. MOMENTKV instead maintains a compact summary of
the discarded population itself, informing selection and restoring a closed-form estimate of
the evicted contribution at inference time.
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