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Abstract

Long-form audio makes the Key-Value (KV)
cache the dominant bottleneck in speech LLMs,
yet existing KV compression methods commit
to an irreversible retention set at prefill. How-
ever, we reveal a severe attention mismatch
in this static paradigm particularly for long-
form audio: prefill attention concentrates at
the audio’s start, whereas decode-time atten-
tion distributes broadly. This weak overlap be-
tween their top-attended positions leads to per-
formance degradation, with generation collaps-
ing into repetition at extreme compression rates.
To bridge this gap, we propose WnW (Waxing-
and-Waning KV cache), which makes evic-
tion reversible by partitioning KV-heads into
three roles via offline calibration. Anchor heads
keep all audio KV on GPU and provide a per-
step signal of which audio region the current
token needs; tidal heads, guided by that sig-
nal, recall evicted KV from CPU on demand;
fixed heads discard theirs permanently. Evalua-
tions on LibriSpeech-Long Benchmark across
two 3B backbones (Voxtral-Mini and Qwen2.5-
Omni) demonstrate that WnW preserves near-
full-cache accuracy while maintaining only
20% of audio tokens on GPU—a regime where
irreversible methods fail to terminate. WnW
exhibits strong generalization across languages,
tasks, and domains, with CPU-GPU chunk
swapping introducing negligible decoding over-
head. More broadly, WnW transforms KV com-
pression into a reversible memory hierarchy in
which a small set of calibrated observer heads
governs the placement of the remaining cache.

1 Introduction

Speech Large Language Models (speech LLMs)
such as Voxtral (Liu et al., 2025a) can take audio
inputs of arbitrary length and produce free-form
text directly from raw waveforms, enabling the
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Figure 1: Comparison of attention weights distribution
on audio positions for both Prefill and Decode phases,
averaged across 50 samples from the LibriSpeech-Long
dev-clean subset (Voxtral-Mini-3B). Prefill: from the
first answer token; Decode (cumulative): averaged over
all answer tokens. (a) Per-position mass on an equal-
width grid; (b) cumulative mass, with the diagonal mark-
ing a uniform distribution. Prefill mass concentrates
near the start (sink effect); decode-cumulative mass
spreads across the full input.

transcription of meetings, lectures, and long dia-
logues and, increasingly, speech translation (Wu
et al., 2025; Li et al., 2026; Gao et al., 2026). Long-
form audio shifts the inference bottleneck from the
model’s parameters to the key-value (KV) cache: at
12.5–25 audio tokens per second, hours-long audio
spans hundreds of thousands of KV positions, and
audio typically accounts for 70–80% of the total
cache. Reducing the on-GPU audio KV footprint
is therefore a prerequisite for deploying long-form
speech LLMs under realistic memory constraints
and enables larger batch sizes on a fixed GPU bud-
get.

KV cache compression methods for text LLMs,
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such as H2O (Zhang et al., 2023), SnapKV (Li
et al., 2024), and Ada-KV (Feng et al., 2025),
score positions using attention from the prompt
and permanently discard the low-ranked ones. Au-
dioKV (Wang et al., 2026) adapts this paradigm to
speech LLMs with FFT-smoothed scoring and an
audio-tuned per-head budget. These methods share
a common premise: that prefill attention reliably
predicts which positions decoding will attend to.

We find that this premise does not hold on long-
form audio. On LibriSpeech-Long with Voxtral-
Mini-3B, prefill attention from the first answer to-
ken concentrates near the start of the audio (an
attention-sink effect (Xiao et al., 2024)), while
the attention accumulated over the full decode dis-
tributes its mass broadly across the clip; the top po-
sitions selected by the two signals overlap weakly
(Figure 1; §2.1). Any method that commits to a
retention set early in inference and lacks a pathway
to recover discarded positions is vulnerable to this
gap; the failure is most visible for irreversible base-
lines: at tight budgets they fail to terminate genera-
tion and produce word error rates well above 100%.
Text-LLM methods that do add a recovery path-
way (ArkVale (Chen et al., 2024), ClusterKV (Liu
et al., 2025b)) rank KV by per-step query similarity
rather than audio structure, and ArkVale’s full CPU
mirror leaves the total footprint unchanged.

To address the aforementioned challenges,
we propose WnW (Waxing-and-Waning KV
cache),1 which reduces the on-GPU audio KV
footprint while keeping evicted positions recallable
from CPU. WnW classifies KV heads into three
functional classes via an offline calibration: a small
set of anchor heads is kept fully on GPU and serves
as a decode-time observer of audio importance;
tidal heads keep a portion on GPU and the comple-
ment on CPU, available for recall; fixed heads keep
only an on-GPU subset, with the rest permanently
discarded. During decoding, anchor-head attention
at each step is aggregated into chunk-level scores;
the complements of the highest-scoring chunks
are recalled from CPU for the tidal heads, while
previously selected chunks that lose relevance are
dropped from GPU. Deferring retention to decode
time lets WnW correct prefill-time mistakes. The
key contributions of this paper are:
• We quantify the prefill/decode attention mis-

match on long-form audio using positional mass
1Code, experiment scripts, configurations, and dataset

instructions will be released at https://github.com/
XMUDeepLIT/WnW.

concentration and top-𝐾 Jaccard overlap, show-
ing that any compression scheme without a re-
covery pathway is structurally limited.

• We design WnW around two mechanisms absent
from text-LLM compression. The first is a head
triage that scores each KV head by the product
of its audio-grounding hit ratio and its gradient-
based KV sensitivity, so the recallable capacity
is reserved for the heads where discarding au-
dio KV most damages quality. The second is a
decode-time chunk swap driven by the anchor
heads, which are selected by the same criterion
and whose per-step attention tracks the gener-
ation frontier through the time-ordered audio,
yielding a recall signal aligned to the underly-
ing transcript.

• On LibriSpeech-Long with two 3B back-
bones (Voxtral-Mini-3B and Qwen2.5-Omni-
3B), WnW remains within ∼ 1.6 WER points of
Full Cache even when only 20% of audio tokens
remain on GPU, at which point irreversible base-
lines fail to terminate. Results generalize across
languages, tasks, and domains; WnW scales to a
24B backbone, where it outperforms every base-
line at 20% retention; and CPU-GPU recall adds
negligible decode-time overhead.

2 Method

Notation. Throughout, 𝐿 denotes the number
of decoder layers, 𝐻𝑞 and 𝐻kv are the per-layer
query and key/value heads (with GQA group size
𝑔=𝐻𝑞/𝐻kv (Ainslie et al., 2023)), 𝑟tok is the au-
dio frame rate in tokens per second, and 𝑇𝑎 is
the number of audio KV positions in the input.
For Voxtral-Mini-3B-2507 (Liu et al., 2025a) we
have 𝐿=30, 𝐻𝑞=32, 𝐻kv=8, 𝑔=4, and 𝑟tok=12.5;
for Qwen2.5-Omni-3B (Xu et al., 2025) we have
𝐿=36, 𝐻𝑞=16, 𝐻kv=2, 𝑔=8, and 𝑟tok=25.

Method Overview. WnW compresses the audio
KV cache through two coordinated mechanisms:
an offline head triage that partitions KV heads into
three functional roles, and an online recallable
chunk swap that tracks the generation frontier (Fig-
ure 2). The triage scores every KV head on a held-
out set along two complementary axes, voice score
(VS) and head sensitivity (HS), then assigns each
head to one of three roles: anchor heads keep all
audio KV on GPU, and their attention indicates
which audio region the current token attends to;
tidal heads keep a portion on GPU and offload the
complement to CPU, recalling that complement on
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demand under anchor guidance; fixed heads keep a
static per-segment prefill-time top-𝑘 on GPU with
no recall pathway.

2.1 Prefill–Decode Attention Mismatch

Methods that compress the audio KV cache during
prefill, both those built for text LLMs (SnapKV (Li
et al., 2024), Ada-KV (Feng et al., 2025)) and those
built for speech LLMs (AudioKV (Wang et al.,
2026)), score each audio position once and keep the
top-ranked ones, using attention from the prompt
(or its last 𝑤 tokens) as a proxy for decode-time
importance. This pipeline assumes prefill atten-
tion predicts decode-time attention. Text-domain
work has tried to sharpen the prefill estimate via
pseudo-query generation (Wang et al., 2025b) and
learned future-attention adapters (Ahn et al., 2026),
acknowledging the proxy is imperfect. This section
measures the gap directly on long-form audio.

Figure 1 compares two attention distributions
over audio positions, averaged across 50 sam-
ples from the LibriSpeech-Long dev-clean subset
(Voxtral-Mini-3B). The prefill distribution is the
attention from the first answer token to each audio
position, averaged over layers and heads; this is the
signal prefill-scoring baselines use for compression
decisions. The decode-cumulative distribution ad-
ditionally averages over all answer tokens produced
during decoding. Two findings emerge:

• Attention sink dominates prefill (Xiao et al.,
2024). The prefill distribution places 47.9% of
its mass on the first 10% of audio positions and
69.3% on the first half. The decode-cumulative
distribution places only 9.8% on the first 10%
and is close to uniform (47.7% / 52.3% on the
two halves).

• Top-𝐾 rankings overlap weakly. The Jaccard
overlap between top-𝐾 audio positions ranked by
prefill and decode-cumulative attention is 0.187
at 𝐾=100 and 0.240 at 𝐾=500. This is well
above the random baseline ≈ 𝐾/𝑇𝑎 (0.013 at
𝐾=100), but far from the agreement that would
justify reusing prefill rankings during decoding.

Under these distributions, any method that fixes
its retention set before decoding and lacks a re-
covery pathway will discard a substantial fraction
of the positions decoding will query, irrespective
of how that decision is scored. Across the 240
KV heads, per-head Jaccard (𝐾=100) ranges from
0.006 to 0.641 (27% below 0.1): the mismatch is
pervasive, but its quality impact is not, because

heads also differ in how much the answer-token
loss depends on their audio KV. The two factors
compound: heads that both shift their attention as
decoding progresses and carry loss-critical audio
KV need retention that evolves with the generated
text; heads that fail either condition tolerate pre-
fill’s coarse approximation. Specifically, without
audio grounding, a head’s top positions do not fol-
low the current word through the clip, so the set
that prefill picks stays close to what decoding at-
tends to. Similarly, without loss sensitivity, quality
is largely unaffected by which positions survive.
WnW exploits this asymmetry: §2.2 identifies the
quality-critical heads via offline calibration, and
§2.3 invests recall overhead only in them.

Speech affords a structural advantage for decode-
time correction: audio tokens are strictly time-
ordered and word-aligned to the underlying tran-
script, so attention sweeps progressively through
the audio as decoding advances. AudioKV (Wang
et al., 2026) exploits this alignment during prefill
to decide how much to retain per head (a static bud-
get), but leaves the which-positions decision fixed.
WnW takes the complementary step: it uses the
temporal structure to decide when to recall, letting
anchor-head attention track the generation frontier
and fetching the relevant audio chunk on demand.

2.2 Head Functional Triage via Offline
Calibration

In sequence-to-sequence learning, encoder layers
differ sharply in importance, and generation quality
hinges on a small subset that the decoder prefer-
entially attends to (Liu et al., 2021). Audio KV
heads exhibit the same asymmetry, so we score
each KV head on a held-out set with two comple-
mentary signals: a voice score (VS) measuring how
strongly its attention is grounded in audio content,
and a head sensitivity (HS) measuring how much
the answer-token loss depends on its audio KV. We
combine them into a modality-aware importance
score VS𝑙,𝑘×HS𝑙,𝑘 that drives all triage decisions.

Voice Score (VS). We measure each head’s
audio-content grounding as a hit ratio: the frac-
tion of its top-attended audio positions that fall
inside the word-aligned time span of the current
answer token, with the alignment taken from Whis-
perX (Radford et al., 2023; Bain et al., 2023). This
construction follows AudioKV (Wang et al., 2026),
itself adapted from SparseMM (Wang et al., 2025a).
We average the ratio over answer tokens and cal-
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Figure 2: Overview of WnW. Left (Prefill): KV heads are partitioned into three roles via offline VS×HS calibration.
Anchor heads retain all audio KV on GPU; tidal heads offload their unselected complement to CPU; fixed heads
discard the unselected portion permanently. Right (Decode): anchor-head attention identifies the top-𝑘 audio
chunks at each step; tidal heads recall those chunks’ CPU-side complement on demand and release it again after
𝛿 consecutive unselected steps (the CPU copy persists). The dashed frame marks one selected chunk, i.e. two
segments.

ibration samples, then over the query heads that
share each KV head, giving a per-KV-head voice
score VS𝑙,𝑘 (details in Appendix E).

Head Sensitivity (HS). Voice score captures at-
tention patterns but not loss impact. We com-
plement it with a gradient-based KV importance
(Molchanov et al., 2017; Michel et al., 2019): HS𝑙,𝑘

is the ℓ2-norm of the answer-token loss gradient
with respect to each head’s audio key vectors, av-
eraged over positions, tokens, and calibration sam-
ples (Appendix E).

Three-Way Classification. We use the VS×HS
ranking over all 𝐿×𝐻kv KV heads in two nested
steps. First, the top 𝑛voice heads form the voice
heads: those whose attention is grounded in au-
dio content and whose audio KV is loss-critical;
their decode-time attention shifts as different words
are generated, so they benefit from a recall path-
way. The remaining heads are fixed heads: their
audio KV is either not audio-grounded or not loss-
critical, so we retain a static per-segment top-𝑘
subset on GPU without recall. Second, within the
voice heads, the top 𝑛anchor=5 are designated an-
chor heads and keep their full audio KV on GPU:
as the most audio-grounded and loss-critical heads,
they provide the most reliable per-step signal of
which audio chunks matter, which we reuse to drive
chunk swap (§2.3) for the tidal heads. The remain-
ing voice heads are tidal heads and keep a portion
on GPU with the complement on CPU.

Tidal and fixed heads share a proportional audio-

KV retention schedule:

retention𝑖 = min(𝑠𝑖 · 𝜆, 1.0), (1)

where retention𝑖 is the fraction of audio positions
kept on GPU for head 𝑖 (non-audio KV is always
retained in full), and 𝑠𝑖 ∈ [0, 1] is its normalized
importance score. WnW exposes two hyperparame-
ters: the voice-head count 𝑛voice controls how many
heads have CPU-backed recallable storage, and the
scale 𝜆 controls the per-head audio retention mag-
nitude. When 𝜆 is large, all voice heads clip to
retention 1 and the recallable CPU partition is dor-
mant; recall activates only when the GPU budget
is tight enough to push 𝜆 out of saturation.

2.3 Prefill Compression and Decode-Time
Chunk Swap

Chunk Structure. We partition the 𝑇𝑎 audio po-
sitions into overlapping chunks of 𝑊𝑐=4 s with
stride 𝑊𝑠=2 s. A chunk holds 𝑛𝑐 = ⌈𝑊𝑐 · 𝑟tok⌉
audio tokens and spans two contiguous segments of
𝑛𝑠 = ⌈𝑊𝑠 · 𝑟tok⌉ tokens, so adjacent chunks share
a segment; load and eviction operate at the segment
granularity. With 𝑟tok=12.5 for Voxtral-Mini-3B,
this yields 𝑛𝑐=50 and 𝑛𝑠=25; with 𝑟tok=25 for
Qwen2.5-Omni-3B, 𝑛𝑐=100 and 𝑛𝑠=50.

Prefill Compression. During prefill, each non-
anchor KV head (𝑙, 𝑘) ranks audio positions
by aggregated text-to-audio attention 𝑝

prefill
𝑙,𝑘,𝜏 =∑︀

𝑡∈text attn𝑙,𝑘,𝑡,𝜏 . Selection is performed per seg-
ment: within each 𝑛𝑠-token segment, the top
max(1, ⌊retention𝑙,𝑘 ·𝑛𝑠⌋) positions are kept. This
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guarantees uniform temporal coverage, since no
segment is wholly evicted, providing a stable ini-
tial state for chunk swap; we ablate it against a
global top-𝑘 variant in §3.8. For tidal heads, unse-
lected positions are offloaded to CPU and remain
recallable; for fixed heads, they are permanently
discarded. Anchor heads keep all audio positions
on GPU.

Decode-Step Score Aggregation. At every de-
code step 𝑠, after attention is computed for all 𝐿
layers, the anchor Q-heads’ softmax weights at au-
dio positions are aggregated across anchor (layer,
q-head) pairs into a per-position score:

𝐴(𝑠)
𝜏 =

∑︁

(𝑙,ℎ)∈anchor

softmax

(︂
𝑞
(𝑠)
𝑙,ℎ 𝐾⊤

𝑙,ℎ√
𝑑

)︂

𝜏

,

𝜏 ∈ audio.

(2)

The accumulator is reset to zero at the end of
each step, so 𝐴

(𝑠)
𝜏 reflects only the current decode

step, not a running sum across steps. This lets
the importance signal track the generation frontier
rather than being dominated by audio regions that
mattered earlier.

Dynamic Chunk Selection. After each decode
step, chunk 𝑐 receives score 𝐴

(𝑠)
𝑐 = mean𝜏∈𝑐𝐴

(𝑠)
𝜏 ;

the top-𝑘 (𝑘=3) chunks are selected. For tidal
heads, the positions selected during prefill re-
main GPU-resident throughout decoding, and what
moves is their CPU-side complement: for a se-
lected chunk, the complement of its segments is
fetched from CPU onto GPU; a fetched comple-
ment left unselected for 𝛿=3 consecutive steps is
dropped from GPU, while its CPU copy persists
and can be re-fetched if the chunk regains impor-
tance.2 The eviction lag 𝛿 buffers short-term score
fluctuations and prevents thrashing.

3 Experiments

3.1 Models
The main backbone is Voxtral-Mini-3B-2507 (Liu
et al., 2025a), a 3B-parameter audio–language
model; for cross-model evaluation we addition-
ally use Qwen2.5-Omni-3B (Xu et al., 2025) (per-
model constants in §2), whose feature extractor
uses a single 300-second window (in contrast to
Voxtral’s concatenated 30-second windows); all

2The name WnW (waxing and waning) refers to chunks
moving across the GPU/CPU boundary as their per-step
anchor-head attention rises and falls.

clips evaluated on it fit within that window. Ap-
pendix B reports a larger-scale check on Voxtral-
Small-24B-2507. All inference uses bf16 weights,
greedy decoding, and the default chat template.

3.2 Datasets

LibriSpeech-Long (Park et al., 2025) is a long-
form benchmark constructed from LibriSpeech
(Panayotov et al., 2015) by merging adjacent ut-
terances into recordings of up to four minutes. We
use test-clean and test-other (270 and 207
samples) as the main English ASR benchmark.

LongSpeech (Yang et al., 2026) is a multilingual
long-form speech-LLM benchmark. We use its
French ASR split (asr-fr) and English-to-French
speech translation split (en2fr), sub-sampling 200
clips from each (fixed seed).

PriMock57 (Papadopoulos Korfiatis et al., 2022)
is a set of 57 simulated primary-care consultations,
which we use as an out-of-domain ASR benchmark
with its manual transcripts as references.

Calibration set. 50 LibriSpeech-Long
dev-clean samples, disjoint from all test sets.

3.3 Baselines

We compare against five baselines, all using their
authors’ recommended hyperparameters unless
noted (Appendix F):

• Full Cache — no compression, the quality upper
bound.

• Ada-KV (Feng et al., 2025) — adaptive per-head
budget allocation derived from a theoretical loss
upper bound.

• AudioKV (Wang et al., 2026) — voice-score-
guided per-head budget with FFT smoothing.

• ArkVale (Chen et al., 2024) — page-based re-
callable KV eviction with bounding-volume page
summaries.

• AffPool (Xiang et al., 2026) — a token-merging
efficiency baseline that pools adjacent audio to-
kens by affinity during prefill.

Audio-only compression constraint (modified
baselines). We restrict all KV-management base-
lines to the audio-token region of the KV cache;
text tokens (system prompt, user prompt, and to-
kens generated during decoding) are kept in full.
The original implementations of Ada-KV, Au-
dioKV, and ArkVale operate on the entire sequence,
which would mix audio compression with prompt
and generated-token compression; restricting them
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to the audio region matches WnW’s compression
scope. AffPool needs no such restriction, since it
operates only on audio tokens.

The baselines span multiple axes: management
paradigm (irreversible vs. recallable), domain (text
vs. audio), and compression target (KV eviction
vs. token merging). Each represents a broader
family.3 AffPool stands apart: it merges audio
tokens before the KV cache exists, so it shrinks
prefill computation as well as the cache, and its
budget is the remaining audio-token ratio rather
than a retention set over original positions.

3.4 Audio KV Retention and WnW
Configuration

Audio KV retention. Given the audio-only com-
pression scope above, each method’s compression
budget is naturally expressed on the audio region.
Let 𝑁 audio

full = 𝐿 · 𝐻kv · 𝑇𝑎 be the total number
of audio KV positions across all (layer, KV head)
pairs:

𝑟GPU =
𝑁 audio

GPU

𝑁 audio
full

, 𝑟GPU+CPU =
𝑁 audio

GPU +𝑁 audio
CPU

𝑁 audio
full

,

where 𝑁 audio
GPU and 𝑁 audio

CPU are the audio KV token
counts kept on device and (recallably) on host, re-
spectively. 𝑟GPU is the on-device footprint that
determines GPU memory; 𝑟GPU+CPU additionally
counts any recallable CPU-resident audio KV. For
methods without a CPU-resident complement (Ada-
KV, AudioKV, Full Cache) the two coincide; for
WnW (tidal heads) and ArkVale (evicted pages)
they may differ.

Configuration. We evaluate each method at four
target retention levels 𝑟GPU ∈ {0.8, 0.6, 0.4, 0.2}.
Ada-KV, AudioKV, and ArkVale expose a sin-
gle hyperparameter that maps directly to per-head
GPU usage. For WnW, we select 𝜆 on the cal-
ibration set so that the measured 𝑟GPU matches
each target, using 𝑛voice ∈ {30, 30, 50, 90} on
Voxtral-Mini-3B (𝐿×𝐻kv=240) and {9, 9, 15, 27}
on Qwen2.5-Omni-3B (𝐿×𝐻kv=72) for 𝑟GPU ∈
{0.8, 0.6, 0.4, 0.2} respectively. 𝑟GPU+CPU equals

3Ada-KV represents SnapKV (Li et al., 2024), PyramidKV
(Cai et al., 2025), HeadKV (Fu et al., 2025), RazorAttention
(Tang et al., 2025), and ChunkKV (Liu et al., 2025c): whatever
rule allocates the budget, all of them fix the retention set during
prefill with no recovery pathway, which is the property §2.1
tests. ArkVale represents Quest (Tang et al., 2024), ClusterKV
(Liu et al., 2025b), and InfiniGen (Lee et al., 2024). KV
quantization (Liu et al., 2024) is orthogonal and compatible
with WnW.

𝑟GPU down to 0.4 and diverges only at 0.2, where
the recall pathway activates and it reaches ≈ 0.42
(Table 5).

3.5 Metrics

Word Error Rate. We report truncated WER
after light text normalization (lower-casing and re-
moval of all punctuation except apostrophe and pe-
riod): each hypothesis is first truncated to 1.2× the
ground-truth token length and then scored against
the reference. Non-terminating hypotheses are
common for irreversible baselines at low budgets;
truncation prevents them from inflating insertion
errors arbitrarily and isolates the effect of audio
compression on the transcribed prefix. Substitu-
tions/deletions/insertions are computed with the
jiwer library.

Audio KV Retention. For each method we re-
port the measured on-device retention 𝑟GPU (de-
fined in §3.4), since the realized value may differ
from the target by a few points. Tables 2 and 5 add
WnW’s combined retention 𝑟GPU+CPU.

3.6 Main Comparison

We compare WnW against the baselines on
LibriSpeech-Long across the four target audio KV
retention levels 𝑟GPU, on both the Voxtral-Mini-3B
and Qwen2.5-Omni-3B backbones (Figure 3; full
numbers in Appendix Table 5).

Across both backbones, WnW stays close to the
Full Cache at every retention level 𝑟GPU, within
∼1.6 WER on Qwen2.5-Omni-3B. The baselines
fall into a consistent ordering as 𝑟GPU decreases
(in WER, lower is better): Ada-KV ≫ AudioKV
> ArkVale > WnW. This ordering matches the
prefill–decode mismatch analysis in §2.1: irre-
versible early compression (Ada-KV, AudioKV)
inherits a structural error that grows with the evic-
tion ratio, and both fail to terminate at tight 𝑟GPU;
adding a recall pathway (ArkVale) prevents non-
termination but is insufficient alone; combining
recall with audio-aware long-horizon scoring from
anchor heads (WnW) closes the remaining gap.
Repetition is the documented form of this failure:
Wang et al. (2026) observe “catastrophic perfor-
mance degradation and repetition” when text-LLM
eviction is applied to audio. On Qwen2.5-Omni-
3B, ArkVale slightly exceeds WnW at high reten-
tion: it keeps a complete CPU mirror of evicted
pages (𝑟GPU+CPU=100%), so 𝑟GPU controls only
how much KV is GPU-resident, not how much
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Figure 3: Truncated WER vs. audio KV retention 𝑟GPU
on LibriSpeech-Long test-clean. Top: Voxtral-Mini-
3B; bottom: Qwen2.5-Omni-3B. Upward arrows mark
points exceeding 30% WER (numbers in Appendix Ta-
ble 5). WnW stays close to Full Cache (dashed) at
every 𝑟GPU; irreversible baselines degrade sharply be-
low 𝑟GPU=0.6.

audio stays recoverable, whereas WnW grants
CPU recall only to tidal heads and permanently
discards the unselected audio KV of fixed heads
(𝑟GPU+CPU≈80% at 𝑟GPU=0.8). This is the in-
tended storage–accuracy tradeoff of head triage:
WnW stores less and is substantially better at low
retention, where precise anchor-guided recall mat-
ters most. On Voxtral-Mini-3B, WnW tracks the
Full Cache within ≤ 0.6 WER at every 𝑟GPU, al-
ways marginally below it except on test-other at
𝑟GPU=0.2; this gap is within the variation expected
from greedy decoding and our truncation rule, not
a real quality difference.4

Table 1 compares WnW with AffPool. AffPool
recovers near-full-cache quality only at high reten-
tion, but collapses at 20%–40% retention. This sug-
gests that prefill-time token merging shares the core
limitation of the irreversible baselines: it commits
to its decision before decoding begins and leaves
no way back. Merging adds an error-propagation
effect on top, since merges made in early layers

4Our Qwen2.5-Omni-3B AudioKV result at 𝑟GPU=0.4 is
higher than reported by Wang et al. (2026). The official imple-
mentation is not public, so the gap may reflect implementation
and evaluation differences, including head granularity under
GQA, prompt template, max_new_tokens, and WER scoring.
We apply one pipeline consistently to every method.

Method Category Retention clean / other

Full Cache — 100% 6.79 / 8.86
WnW KV recall ∼20% 6.23 / 8.87
AffPool t.m. 20% 111.63 / 113.25
AffPool t.m. 40% 67.08 / 75.14
AffPool t.m. 60% 10.04 / 11.00
AffPool t.m. 80% 6.47 / 8.94

Table 1: Comparison with a token-merging (t.m.) ef-
ficiency baseline on LibriSpeech-Long using Voxtral-
Mini-3B. Numbers are truncated WER (↓, ratio 1.2).

Method 𝑟GPU
LongSpeech PriMock57

asr-fr↓ en2fr↑ WER↓
Full Cache 100% 20.42 38.48 23.47

Ada-KV ∼20% 112.91 2.99 106.43
AudioKV ∼20% 105.00 5.22 103.83
ArkVale ∼20% 28.63 35.40 32.45
WnW (ours) ∼20% 22.68 38.21 24.23

Table 2: Generalization and domain robustness
on Voxtral-Mini-3B at 𝑟GPU=0.2 (200 samples per
LongSpeech split, all 57 PriMock57 consultations, the
same samples for every method). asr-fr and PriMock57:
truncated WER (ratio 1.2); en2fr: sacreBLEU (Post,
2018), same truncation. WnW’s measured retention is
𝑟GPU=22.25% / 𝑟GPU+CPU=41.5% on LongSpeech and
21.2% / 40.46% on PriMock57.

affect all subsequent layers. WnW avoids this
failure mode by preserving token identities and
deferring recall decisions to decode time. The
KV-management ordering above also holds on the
larger Voxtral-Small-24B backbone, where WnW
remains the best at ∼20% retention while the irre-
versible baselines still collapse (Appendix B).

3.7 Generalization and Domain Robustness

To test whether the WnW design transfers
beyond English ASR, we evaluate at the
most aggressive setting 𝑟GPU=0.2 on two
LongSpeech splits, asr-fr (French ASR) and
en2fr (English→French speech translation),
which together probe two orthogonal axes of gener-
alization: cross-lingual and cross-task. We further
test domain robustness on PriMock57 medical con-
sultations (Table 2).

WnW transfers to a different language, a differ-
ent task, and a different domain: relative to Full
Cache it loses 2.3 WER points on French ASR,
0.27 BLEU on translation, and 0.76 WER points
on medical dialogue. Ada-KV and AudioKV again
fail to terminate, with hypotheses far longer than
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the reference and BLEU near zero. ArkVale avoids
non-termination but trails WnW throughout, in-
dicating that recall alone, without head triage, is
insufficient. That the LibriSpeech-calibrated roles
hold up under all three shifts suggests the partition
is not tightly overfit to the calibration distribution.
In a matched re-calibration study, replacing the
English LibriSpeech calibration set with French
LongSpeech changes English WER by at most 0.04
points and French WER by 1.12 points, with 76/85
tidal heads preserved (Appendix D).

3.8 Ablation Studies
We run all ablations on LibriSpeech-Long
test-clean with truncated WER (ratio 1.2). A1
and A2 are reported at both 𝑟GPU=0.1 and 0.2,
since their effect depends on whether the recall
pathway is active.

(A1) Voice-head count 𝑛voice. We sweep
𝑛voice ∈ {10, 30, 50, 70, 90} at both retention lev-
els, retuning 𝜆 per cell so the on-GPU footprint
matches the target. Since anchor heads stay at full
retention regardless of 𝑛voice, any quality change
reflects the recall pathway: larger 𝑛voice converts
fixed heads into CPU-backed tidal heads without
enlarging the on-GPU budget.

(A2) Prefill selection granularity. We compare
the default per-segment top-𝑘 compression (§2.3)
against a global top-𝑘 variant that spends the same
total budget by ranking all audio positions of a head
together with no per-segment quota. They share
identical head triage, retention, and decode-time
chunk swap, differing only in how prefill picks
which positions to keep on GPU. We report at
nv30/𝑟GPU=0.1 and nv90/𝑟GPU=0.2.

(A3) Head triage signal. A single score drives
both selections, the top 𝑛voice voice heads and the
top 5 anchors, so we compare VS alone, HS alone,
and VS×HS (WnW), holding everything else fixed
at nv30/𝑟GPU=0.1.

A1 (Table 3) shows that larger tidal pools matter
most under aggressive compression: at 𝑟GPU=0.1,
increasing 𝑛voice from 10 to 70 reduces WER from
51.92% to 6.31%. At 𝑟GPU=0.2 the same range
moves WER by less than half a point, since the
wider GPU budget already keeps most of what
each head needs on device. A2 shows that per-
segment prefill selection matters when 𝑟GPU is tight:
at 𝑟GPU=0.1, dropping the per-segment quota costs
3.33 WER points, since global top-𝑘 lets entire
segments be evicted during prefill, leaving chunk
swap no GPU-side starting point there; the gap

(A1) Voice-head count (WER ↓)
𝑛voice 𝑟GPU=0.1 𝑟GPU=0.2

10 51.92 6.53
30 9.78 6.46
50 8.09 6.39
70 6.31 6.20
90 6.76 6.23

(A2) Prefill selection (WER ↓)
nv30/0.1 nv90/0.2

per-segment (ours) 9.78 6.23
global top-𝑘 13.11 6.27

(A3) Triage signal at nv30/𝑟GPU=0.1 (WER ↓)

VS × HS (ours) 9.78
HS only 36.41
VS only 124.66

Table 3: Ablations on LibriSpeech-Long test-clean
(truncated WER, ratio 1.2).

closes to 0.04 at 𝑟GPU=0.2 when retention is high
enough that uniform coverage is preserved either
way. A3 shows that the two signals are not in-
terchangeable under tight 𝑟GPU: HS alone trails
VS×HS by 26.63 WER points and VS alone fails
to terminate (124.66%). Voice score by itself can
promote audio-grounded heads whose KV is not
loss-critical, while sensitivity alone can include
heads that ignore the audio; only the product satis-
fies both criteria. Appendix C further shows that
WnW is insensitive to chunk size and anchor-head
count around the default configuration.

3.9 Efficiency and Runtime Analysis

Figure 4 shows the on-GPU KV cache size over
decode steps under four compression ratios. All
curves rise linearly because, per the audio-only
constraint (§3.3), every method keeps generated
tokens in full. At the same target 𝑟GPU, all methods
achieve nearly identical audio-KV footprints, so
the WER differences in Figure 3 reflect how each
method uses its budget, not how much GPU mem-
ory it consumes. Within this fixed GPU budget,
WnW delivers near-full-cache accuracy down to
𝑟GPU=0.2.

Table 4 isolates recall cost by varying the number
of tidal heads, the only heads that transfer from
CPU. Transfer grows linearly with tidal-head count
but stays small (≤ 1.04 MB/step), and median
decode time varies by less than 5% across a 6.7×
range of tidal heads. CPU-GPU recall is thus not
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Figure 4: GPU KV cache size across decoding steps
for a 4-minute LibriSpeech-Long sample (Voxtral-
Mini-3B). Each method is evaluated with 𝑟GPU ∈
{0.8, 0.6, 0.4, 0.2}, yielding four curves. The dotted
vertical line denotes the ground-truth sequence length;
methods whose curves extend beyond it fail to terminate.
The slight oscillation in WnW reflects chunk swapping.

Config. 𝑟GPU ms/token MB/step

35 tidal heads 21.7% 27.2 0.05
75 tidal heads 21.4% 26.8 0.20
115 tidal heads 21.0% 26.7 0.40
155 tidal heads 20.5% 27.4 0.62
195 tidal heads 20.1% 27.5 0.82
235 tidal heads 19.7% 27.8 1.04

Table 4: Runtime impact of CPU→GPU recall on
Voxtral-Mini-3B, LibriSpeech-Long test-clean (64
samples) at ∼20% GPU retention, using one A100 with
batch size 1. Decode time is median ms/token; MB/step
is CPU→GPU KV transfer averaged per decode step.

the dominant bottleneck here.

4 Related Work

Irreversible KV Cache Compression. Scis-
sorhands (Liu et al., 2023), H2O (Zhang et al.,
2023), and SnapKV (Li et al., 2024) retain a top-
ranked subset of positions chosen from prefill or ac-
cumulated attention, and evicted positions are never
re-admitted. Ada-KV (Feng et al., 2025), Pyra-
midKV (Cai et al., 2025), and ChunkKV (Liu et al.,
2025c) refine per-layer, per-head, or per-chunk al-
location under the same one-way eviction. All
target text LLMs; §2.1 shows their prefill-attention
premise fails on long-form audio.

Head-Level KV Management. Some text-LLM
methods allocate cache per head rather than per
position. HeadKV (Fu et al., 2025) scores heads
for retrieval and reasoning ability to set per-head
budgets, and RazorAttention (Tang et al., 2025)
separates retrieval from non-retrieval heads, pro-
tecting the former in full while compressing the
latter into a coarse compensation summary. WnW

differs in both basis and consequence. The basis
is audio grounding combined with gradient-based
KV sensitivity rather than text-retrieval behavior,
so head roles reflect how much discarding a head’s
audio KV hurts quality. The consequence is that
each head receives a storage tier rather than a cache
budget: a tidal head keeps an exact copy of its un-
selected audio KV on CPU and can take it back
unchanged mid-decode, whereas KV compressed
into a summary is unrecoverable. Anchor heads
further act as a decode-time importance observer,
absent from irreversible head-level schemes.

CPU-GPU KV Management. Building on
paged GPU KV management (Kwon et al., 2023),
ArkVale (Chen et al., 2024) and ClusterKV (Liu
et al., 2025b) evict KV pages or clusters and recall
them on demand via bounding-volume or semantic
digests; Quest (Tang et al., 2024) performs query-
aware selective loading per decode step; InfiniGen
(Lee et al., 2024) speculatively prefetches KV for
upcoming steps. All target text LLMs and rely on
per-step query similarity. WnW operates on time-
aligned audio chunks, splits heads into functional
roles with anchors as a dedicated importance ob-
server, and aggregates attention across all anchor
(layer, Q-head) pairs per decode step rather than
scoring one query against page summaries.

Speech LLM KV Compression. AudioKV
(Wang et al., 2026) adapts SnapKV-style static
eviction to speech LLMs with FFT-smoothed scor-
ing and an audio-tuned per-head budget; our voice
score reuses its head-scoring hit ratio, itself adapted
from SparseMM’s visual score (Wang et al., 2025a).
WnW combines it with gradient-based head sensi-
tivity (Molchanov et al., 2017; Michel et al., 2019),
and drives a recallable decode-time chunk swap
rather than static prefill budgets. To our knowl-
edge, this is the first recallable, decode-driven KV
management for speech LLMs.

5 Conclusion

WnW addresses the prefill–decode attention mis-
match on long-form audio by deferring retention
decisions to decode time: an offline triage assigns
anchor, tidal, and fixed roles, and tidal heads recall
audio chunks from CPU under anchor guidance. It
stays close to Full Cache on 3B backbones at 20%
GPU retention, generalizes across language, task,
and domain, and outperforms KV-management
baselines on 24B.
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Limitations

The chunk-swap CPU-GPU transfers are issued
synchronously; although our measurements show
limited decode-time overhead, overlapping recall
with attention via CUDA streams is a natural next
optimization. The recall pathway is dormant in the
high-𝑟GPU regime (§2.2); decoupling 𝑛voice and 𝜆
to keep recall active when GPU memory is plenti-
ful could yield further gains. Our evaluation targets
offline decoding: extending WnW to streaming
recognition is natural for speech-LLM architectures
that append newly arrived audio to a shared, mono-
tonically growing KV cache, as in recent LLM-
based simultaneous speech translation systems that
avoid re-encoding as input arrives (Ouyang et al.,
2024). The mechanism does not, however, trans-
fer to cross-attention (e.g., Whisper), transducer,
or state-space architectures, which keep no length-
dependent audio KV cache to manage. Applying
WnW to non-transcription audio tasks (QA, dia-
logue, summarization) is promising once the under-
lying speech LLMs reach reliable quality on those
tasks.
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test-other numbers and WnW’s measured
𝑟GPU / 𝑟GPU+CPU at every retention level on both
backbones.

B Scaling to a Larger Speech LLM

We evaluate whether WnW’s advantage over
KV-management baselines persists beyond 3B-
parameter backbones. Table 6 reports results on
Voxtral-Small-24B at ∼20% GPU retention. Head
roles are recalibrated for the 24B model, while
chunk size and anchor-head count are transferred
from Voxtral-Mini-3B. In the notation of §2, this
backbone has 𝐿=40, 𝐻𝑞=32, 𝐻kv=8, 𝑔=4, a
head dimension of 128, and the same 𝑟tok=12.5 as
Voxtral-Mini-3B, so triage runs over 𝐿×𝐻kv=320
KV heads instead of 240.

Method 𝑟GPU test-clean test-other

Full Cache 100% 5.70 8.37
WnW (ours) ∼20% 11.29 16.63
ArkVale ∼20% 15.60 22.20
Ada-KV ∼20% 110.51 113.05
AudioKV ∼20% 95.02 98.74

Table 6: Scaling to Voxtral-Small-24B on LibriSpeech-
Long. Numbers are truncated WER (↓, ratio 1.2).

WnW remains the best KV-management method
at ∼20% GPU retention on the 24B backbone. The
absolute gap to Full Cache is larger than on 3B
models, reflecting the stronger base model and
lower Full Cache WER, but irreversible baselines
collapse and ArkVale remains substantially worse
than WnW.

C Hyperparameter Sensitivity

Table 7 reports sensitivity sweeps on Voxtral-Mini-
3B at ∼20% GPU retention on LibriSpeech-Long
test-clean. WnW is stable across a broad range
of chunk sizes and anchor-head counts.

Chunk size Anchor count

Value WER Value WER

0.96s 6.45 1 6.22
1.92s 6.29 3 6.23

4.00s (default) 6.23 5 (default) 6.23
5.76s 6.26 7 6.20
7.68s 6.23 10 6.21

15 6.23
20 6.22

Table 7: Hyperparameter sensitivity at ∼20%
GPU retention on Voxtral-Mini-3B, LibriSpeech-Long
test-clean. Values are truncated WER (↓, ratio 1.2).

Across an 8× range of chunk sizes and a 20×
range of anchor-head counts, WER varies by at
most about 0.3 points. This indicates that the de-
fault configuration is not the result of narrow-range
tuning.

D Cross-Dataset Calibration Robustness

To directly test whether head roles overfit the
calibration domain, we rerun the full calibration
pipeline on 50 LongSpeech French ASR develop-
ment samples and evaluate the resulting config-
uration against the original LibriSpeech-English
calibration at the same operating point (𝑛voice=90,
𝑛anchor=5, target 𝑟GPU=0.2). Table 8 reports
both calibrations on English LibriSpeech-Long and
French LongSpeech ASR.

Calib. WER ↓ Roles kept

clean other FR anchor tidal

LS EN 6.20 8.85 22.43 — —
LS FR 6.24 8.89 23.55 2/5 76/85

Table 8: Cross-dataset calibration robustness on Voxtral-
Mini-3B. Both configurations use WhisperX threshold
0.85 and target 𝑟GPU=0.2; numbers are truncated WER
(↓, ratio 1.2). The LS EN row is an independent re-run
of the default configuration, so it differs marginally from
its counterpart in Table 5. Roles kept reports how many
of the anchor and tidal heads chosen by the English
calibration are also chosen by the French one.

Switching the calibration language and dataset
changes English WER by at most 0.04 points and
French WER by 1.12 points, while preserving most
tidal heads. As a threshold sanity check, lowering
the WhisperX confidence threshold from 0.85 to
0.44 retains 45× more calibration tokens, yet the
per-head voice-score correlation remains 0.974 and

24746



Method (𝑟GPU=) test-clean (WER↓) test-other (WER↓)

0.8 0.6 0.4 0.2 0.8 0.6 0.4 0.2

Backbone: Voxtral-Mini-3B

Full Cache 6.79 8.86

Ada-KV 137.46 175.85 196.01 199.24 144.01 181.15 192.60 198.55
AudioKV 6.79 6.31 62.51 192.58 8.85 8.98 66.42 195.53
ArkVale 6.81 6.77 7.12 11.74 8.83 8.85 9.79 14.75
WnW (ours) 6.72 6.71 6.64 6.23 8.84 8.84 8.81 8.87

Measured audio KV retention
WnW 𝑟GPU (%) 79.79 59.96 40.91 22.25 79.82 59.98 40.93 22.38
WnW 𝑟GPU+CPU (%) 79.79 59.96 40.91 41.52 79.82 59.98 40.93 41.64

Backbone: Qwen2.5-Omni-3B

Full Cache 13.87 16.80

Ada-KV 47.45 91.12 109.49 116.04 52.92 98.70 115.53 119.86
AudioKV 14.24 14.54 28.31 131.30 17.62 17.58 34.16 128.27
ArkVale 14.06 14.13 14.12 16.99 16.88 16.95 17.11 21.16
WnW (ours) 14.72 14.90 14.88 15.31 17.80 17.77 17.84 18.42

Measured audio KV retention
WnW 𝑟GPU (%) 80.26 60.12 40.23 21.78 80.31 60.17 40.28 22.00
WnW 𝑟GPU+CPU (%) 80.26 60.12 40.23 41.81 80.31 60.17 40.28 42.03

Table 5: Full LibriSpeech-Long results across two backbones. Numbers are truncated WER (↓, ratio 1.2). The
bottom rows of each backbone block report WnW’s measured on-device retention 𝑟GPU and combined retention
𝑟GPU+CPU (on-device plus recallable CPU complement).

WER changes by at most 0.31 points relative to the
French 0.85 calibration. This suggests that the
head roles reflect stable model behavior rather than
a narrow calibration artifact.

Calibration is a per-model cost rather than a per-
deployment one: head roles must be recomputed
for a new backbone, as we do for Voxtral-Small-
24B in Appendix B, but no shift in language, task,
or domain we study calls for recalibration. Recali-
brating on French does not improve French WER.
Only 2 of 5 anchors coincide, but Appendix C
shows that WER is nearly flat from one to twenty
anchors, so the partition tolerates this reshuffling
within the audio-grounded pool.

E Calibration Score Details

Voice Score. For each answer token 𝑡, Whis-
perX forced alignment provides a word-level in-
terval [𝑎𝑡, 𝑏𝑡], converted to audio-token indices
[𝑎tok

𝑡 , 𝑏tok
𝑡 ) = [⌊𝑎𝑡 · 𝑟tok⌋, ⌊𝑏𝑡 · 𝑟tok⌋). The hit ra-

tio for Q-head (𝑙, ℎ) on token 𝑡 is

hit𝑙,ℎ,𝑡 =
1

𝐾

𝐾∑︁

𝑘=1

1
[︀
topK𝑙,ℎ,𝑡[𝑘] ∈ [𝑎tok

𝑡 , 𝑏tok
𝑡 )

]︀
,

(3)

where topK𝑙,ℎ,𝑡 is taken over audio positions and
𝐾 is set to cover roughly one spoken word (𝐾=4
for Voxtral-Mini-3B, 𝐾=8 for Qwen2.5-Omni-
3B). Averaging over answer tokens (alignment
confidence ≥ 0.85) and |𝐷|=50 calibration sam-
ples yields hit𝑙,ℎ, aggregated over GQA groups:
VS𝑙,𝑘 = 1

𝑔

∑︀𝑔
𝑗=1 hit𝑙,(𝑘−1)𝑔+𝑗 .

Head Sensitivity.

𝑆
key
𝑙,𝑘,𝜏 =

⃦⃦
⃦⃦ 𝜕ℒ
𝜕𝐾𝑙,𝑘,𝜏

⃦⃦
⃦⃦ , (4)

where ℒ is the answer-token cross-entropy and 𝜏
indexes audio positions. The head sensitivity is

HS𝑙,𝑘 = E𝐷

[︁
E𝑡

[︁
mean𝜏∈audio𝑆

key
𝑙,𝑘,𝜏

]︁]︁
. (5)

F Baseline Hyperparameters

We use the authors’ recommended hyperparameters
for every baseline unless noted below.

Ada-KV (Feng et al., 2025). floor_alpha=0.8,
kernel size 7, pooling max.
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AudioKV (Wang et al., 2026). 𝛼=0.5, 𝜌=0.7,
observation window 32, baseline ratio 0.5. We use
min_word_score=0.85 (rather than the original
0.95) for both AudioKV and WnW so they share
the same voice-score calibration; this is the only
deviation from author defaults and applies to both.

ArkVale (Chen et al., 2024). Page size 32, top-𝑘
recall budget proportional to the target audio KV
retention 𝑟GPU, CPU mirror of all evicted pages.

AffPool (Xiang et al., 2026). Deep pooling with
window size 3 is applied to the first 27 layers of
Voxtral-Mini-3B, and input pooling with window
size 1 to the last 3 layers. The retention rate is
controlled by calibrating the affinity threshold 𝜃 on
a held-out subset, with measured retention within
two percentage points of the target.

G AI Usage

AI assistants were used only for linguistic refine-
ment of the manuscript (clarity of arguments, log-
ical coherence, and grammatical correctness) and
for debugging our implementation code. The re-
search idea, experimental design, and analysis of
results are entirely the authors’ own, who assume
full responsibility for the scientific content, con-
clusions, and integrity of this paper, and confirm
compliance with academic ethics and the absence
of plagiarism.
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