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Abstract

As large language models (LLMs) support longer
contexts and more capable agentic sessions, what
matters in the accumulated context can change
with each new query, tool output, or test result.
At the same time, inference still depends on a
limited active key-value (KV) cache, and many
existing KV-cache compression methods decide
which past tokens stay active from the current pre-
fix. As a result, tokens that matter in later turns
may already have been evicted or compressed
away in earlier compression decisions. We argue
the KV cache should be multi-tiered and governed
by a two-way mechanism: both eviction and re-
pair, not just eviction. We propose REPAIRKV,
a runtime operator for multi-turn agentic infer-
ence that reevaluates which evicted KV rows are
currently important and restores a budgeted sub-
set from host memory back into the GPU KV
cache. Controlled experiments show that RE-
PAIRKV’s restoration of evicted tokens improves
retrieval accuracy, with the effect persisting across
relevance changes and different initial eviction
policies, and a preliminary diagnostic on open-
source repositories shows the same pattern; on
Qwen2.5-7B-Instruct at 32K context, REPAIRKYV
achieves 91.0% retrieval on a four-query needle-
in-a-haystack task versus 24.5% for the matched
no-repair baseline at the same active-cache bud-
get, with only 96 promoted tokens.

1. Introduction

Modern language models support context lengths from
tens of thousands to over a million tokens for retrieval-
augmented and agentic workflows (Hsieh et al., 2024; Bai
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et al., 2024; Zhang et al., 2024), but the KV cache holding
past token keys and values grows linearly with sequence
length, making it a primary GPU memory bottleneck and
an increasing runtime cost during decoding. KV-cache com-
pression and offload (Li et al., 2024a; Xiao et al., 2024;
Zhang et al., 2023; Kwon et al., 2023) manage this cost by
deciding which context remains active on GPU and which
part is evicted or moved to a slower tier. This decision is
usually made with information available at the current turn,
and compression is often treated as a one-way operation:
evict now, decode later from the retained active set.

This view misses a central feature of multi-turn inference:
new turn signals from retrieved documents, tool outputs,
test failures, or file changes can make previously low-
priority context newly important. These workflows also
create non-decoding intervals while the model waits for
external results. Together, the new signal and the pause
create an opportunity to repair the active KV state before
the next decode, but no existing work studies whether an
already-compressed cache can be revised in runtime under
a matched active-cache budget.

This paper studies this gap. Our contributions are: (1) a
matched resumed active-cache-budget protocol for testing
whether repair helps without simply keeping more active
tokens; (2) REPAIRKYV, an operator conditioned on the
next turn’s signal that scores evicted KV rows and pro-
motes a small budgeted subset back into the active cache
before decoding resumes; (3) controlled evidence across
synthetic relevance shifts, different initial eviction policies,
preliminary real-repository diagnostics, and runtime fea-
sibility probes. On Qwen2.5-7B-Instruct at 32K context,
REPAIRKYV achieves 91.0% retrieval on a four-query needle-
in-a-haystack task versus 24.5% for the matched no-repair
baseline at the same active-cache budget, with only 96 pro-
moted tokens.

2. Related Work

2.1. KV-cache compression and eviction

KV-cache compression and eviction methods reduce active
KV state by retaining a fixed budget of tokens or blocks
based on prefix-time, recency, or attention signals (Li et al.,
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2024a; Xiao et al., 2024; Zhang et al., 2023; Liu et al., 2023;
Li et al., 2024b), but this retention decision is usually one-
way: rows dropped from the active set cannot re-enter when
later turns make them important. This failure mode is ob-
served in recent analyses of instruction and fact degradation
under KV compression (Chen et al., 2025).

2.2. Query-aware retrieval and sparse attention

Query-aware methods such as QUEST emphasize the
premise behind repair: token criticality depends on cur-
rent information need, not only on the prefix that produced
the compressed cache (Tang et al., 2024). Fine-grained KV
retrieval systems use this signal during active decoding to se-
lect or fetch query-relevant rows from a retained or indexed
KV store (Tang et al., 2024; Wang et al., 2025; Qi et al.,
2026; Sun et al., 2025). Attention analyses likewise show
that token importance can be query-dependent or recurrent
rather than fixed once compressed (Wu et al., 2024; Zhang
et al., 2025). REPAIRKYV builds on this query-dependence,
but applies it at a different lifecycle point: after compression
and before the next decode.

2.3. Long-context benchmarks

Long-context benchmarks stress whether models can use
information across long inputs, from ordinary long doc-
uments to 100k-token settings, showing that application-
visible context length does not remove the need for memory-
management mechanisms (Bai et al., 2024; Zhang et al.,
2024; Hsieh et al., 2024). SCBench directly evaluates tasks
around the KV-cache lifecycle itself (Li et al., 2025). How-
ever, these benchmarks leave open what happens after a
compression decision has already removed future-relevant
tokens from the active cache.

2.4. KV serving and tiering

Serving systems address the systems side of long-context
KV cache management. PagedAttention/vLLM improves
GPU KYV allocation and block management during serv-
ing (Kwon et al., 2023), while prefix-caching systems reduce
repeated prefill when requests share or resume prefixes (Liu
et al., 2025; Dzikanyanga et al., 2026). KV-tiering systems
extend this idea across GPU, host memory, storage, and net-
work tiers (Liu et al., 2025; Dzikanyanga et al., 2026; Zhang
et al., 2026). Together, these systems determine where KV
state lives and when it can be reused, but they do not address
the complementary decision of which offloaded rows should
re-enter the active cache for the next turn.

2.5. Multi-turn LLM serving

Multi-turn agent workloads pause decoding for external
actions such as tool calls, web interaction, repository ed-
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Figure 1. REPAIRKV system overview. During agent decode
pauses (tool calls, retrievals), a selected signal s (such as a new
user query, a tool result, retrieved content, or the model’s recent
generation) is used to rank host KV rows; the top- K are lifted back
into GPU HBM at their original sequence positions.

its, and tests (Qin et al., 2024; Zhou et al., 2024; Jimenez
et al., 2024; Liu et al., 2024). Serving systems make these
pauses operationally visible: Continuum schedules multi-
turn agent requests around tool-call gaps and KV-cache
lifetimes, while AgentServe targets local agent serving un-
der tight GPU memory budgets (Li et al., 2026; Zhang et al.,
2026). Pause-aware systems preserve paused-request KV
to avoid repeated prefill (Abhyankar et al., 2024; Li et al.,
2026; Gao et al., 2024). These same pauses often contain
new relevance signals, creating the setting for repair.

3. REPAIRKYV

3.1. Overview

Each compression step can only choose the active KV set
with the information available at that point. REPAIRKV
assumes a tiered KV cache: evicted rows are offloaded to a
slower tier rather than discarded. It then treats the resulting
compressed state as revisable: when a new turn signal be-
comes available, the runtime can score offloaded evicted KV
rows and promote a small subset before decoding resumes.
Figure 1 summarizes this system view.

At the pause boundary, the abstraction has three objects:

* Chase: active evictable KV, with |Chase| = Bhase (base
active-cache budget);

e Wy offloaded evicted KV, hidden from decoding unless
promoted;

* s: the pause boundary signal used to score evicted KV,
such as a new user query, a tool result, the model’s
recent generation, or other tokens that indicate upcoming
significance.
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The repair map chooses Sk (s) C Wy with |Sk| < K,
where K is the restore budget, and resumes from Clepair =
Chase U Sk at resumed active-cache budget |Chrepair| <
Bbase + K.

3.2. Two-turn protocol

We isolate multi-turn repair with a protocol for the simplest
controlled case: one relevance shift across two turns. A five-
turn revisit diagnostic (Figure 3) confirms that the effect
persists across repeated shifts.

At turn N, the model receives a long distractor document
followed by prompt (); and generates the response to ()1
from the full uncompressed cache. The runtime then com-
presses the distractor document KV to a base budget By ase
on GPU and offloads the evicted rows to host memory as
Wy. The Q1 prompt and the generated response are pre-
served exactly. During the subsequent idle window, the
turn-(N+1) prompt Q2 becomes known and is preserved
verbatim.

At turn N+-1, the distractor document is not re-presented.
REPAIRKYV scores the evicted store Wy against the active
post-Q; cache and the @), signal, promotes a K -budgeted
subset Sk back to GPU before ()2 decoding, and the model
answers (2 from Clepair-

The primary comparison excludes full-prefill recompute be-
cause it reprocesses the long context after (J> is known,
while our comparison asks whether the already-compressed
cache can be improved under the same resumed active-cache
budget. The controlled prototype evaluates one paused re-
quest on one GPU with a single host-memory tier, a prema-
terialized evicted-KYV store, and the full ()5 signal known
before resumed decoding.

3.3. Repair operation

Intuitively, REPAIRKV uses the next-turn signal to identify
which evicted KV rows should be active before decoding
resumes. Algorithm 1 describes the general framework; the
prototype is specified by two main choices: SCORE and
SELECT, with C = Clhase and W = Wi

For SCORE, post-RoPE Q5 query tensors {qéﬁh)

against keys in the active and offloaded sets via

(L,h) K, K T
AR — softmax(qQ’: [ C;‘Z;i’ Wil ) , (D
k

restricted to columns in Wy, then aggregated as a; =

} are scored

meany,, max Ag;h). Because the softmax normalizes over
the active and offloaded keys, a; is the attention mass row
would receive given Ch,se rather than a raw inner product.
Ties break by the per-token score from the turn-/N initial
compression, then by ascending position.

Algorithm 1 General REPAIRKV Execution Framework

1: Input: turn signals {sy}%,_,, eviction policy P, base
budget By.se, restore budget K.

2: Initialize: active cache C, evicted store WV ().

3: for N =1to T do

4: ansy < DECODE(C, sy) // Decoding

5. C,W <+ P(C, W, Bhase) // Compression
6: if N < T then

7: obtain sy // 1dle window begins
8: for i € WWdo

9: a; < SCORE(i | C,sn41) // Scoring
10: end for
11: rank W by a; // Ranking
12: Sk < SELECTW, K), |Sk| <K // Selection
13: C <+ CUSK; W<+ W\Sk // Repair
14:  end if
15: end for

For SELECT, each top-ranked anchor ¢ is expanded into a
local burst {i—L,...,i+R} N (Wx \ Sk) under a strict
|Sk| < K budget. The right-biased (L, R) = (2,20) re-
flects the local structure: high-scoring anchors often occur
near queried keys, and answer-bearing value tokens usually
follow nearby. If anchor bursts do not exhaust K, remaining
slots backfill from single ranked rows.

The current prototype scores token rows with fixed burst
widths. A systems implementation would promote cached
blocks or pages.

3.4. Matched-budget evaluation

All main claims compare REPAIRK'V to a no-repair baseline
at the same resumed active-cache budget. In both condi-
tions, Q2 decoding sees the same number of active evictable-
context tokens in addition to the identical preserved ()1
prompt and answer tail. The match is only on active GPU
KV: extra offloaded rows, scorer time, and transfer time are
not part of the matched budget; they are reported separately
as service costs.

Let Buatcn denote the no-repair condition, which applies
the base eviction policy with active evictable-context budget
Bhase + K. REPAIRKYV reaches the same active budget by
starting from B}, retained rows and promoting up to K
rows from the host-memory store.

The main restore-budget frontier reports raw answer score.
For effect size comparisons, we also report gain over
matched no-repair,

Ayepair = Score(RepairKV) — Score(Bmateh) (2)

where Score is the mean fraction of held-out )5 targets
recovered correctly per example over the fixed evaluation set
shared across all conditions. Stricter exact-set and precision-
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sensitive scoring serve as confirmatory checks.

4. Experimental Setup
4.1. Benchmark family

The main benchmark is a split-query version of multi-
query needle-in-a-haystack (MQ-NIAH) derived from
RULER (Hsieh et al., 2024). We use this family because it
exposes the failure mode repair is meant to address: tokens
that are unimportant for the first turn can become critical
post-compression.

Each example contains key-value needles inside a long dis-
tractor context. The first turn queries one subset of keys,
the cache is compressed, and the second turn queries a dif-
ferent subset. This gives a controlled relevance shift with
annotated future-relevant spans and a shared turn-/NV history
across conditions.

We evaluate 2Q, 4Q, 6Q, and 8Q variants, which use the
same task template but increase the number of queried key-
value pairs. For each variant, we pool balanced partitions
that avoid a recency shortcut: the keys requested in (05 are
not the needles nearest to the end of the context. Appendix
Figure 7 summarizes the exact splits.

4.2. Evaluation configuration

All main experiments use Qwen2.5-7B-Instruct (Qwen,
2024) at 32K rendered context on a single RTX PRO 6000
Blackwell GPU. The initial post-(Q; compression is context-
only SnapKV compression (Li et al., 2024a): it is applied
only to the evictable document context, while the ()1 prompt
and generated (7 response are preserved exactly.

Per-task base budgets are calibrated so matched no-repair is
neither already near full-cache accuracy nor near zero, leav-
ing room to measure whether repair improves the resumed
cache. Unless stated otherwise, the fixed sweep is

e compressor: context-only SnapKV with R = 128
(SnapKV observation-window length);

* base budgets: Bhase = 8192 for 2Q, Bpase = 16384 for
4Q, and By,se = 18432 for 6Q/8Q;

* restore budgets: K = 8,16, 24, 32,48, 64, 80, 96, 128;

* replay: one shared full-cache-generated (9, response per
setting and condition.

This replay removes turn-N generation differences, so the
frontier isolates resumed-cache selection quality at turn
N+1. MQ-NIAH-2Q/4Q/6Q use fixed 100-example evalu-
ation sets per partition, while MQ-NIAH-8Q uses 24 exam-
ples per partition over five partitions. Prompt and decode
settings are reported in the appendix.

4.3. Scorers

For the initial turn- N compression, we score context tokens
using the generated (1 response rather than a generic last-
32-token suffix. This makes the post-(Q; compressed cache
reflect the actual first turn computation.

For repair, the main quality curves use an exact ()5 scorer.
We append ()5 to the compressed active cache, extract the
model’s post-RoPE )5 query projections, and score active
and offloaded key rows under those projections before select-
ing evicted rows for promotion. This isolates whether the
newly revealed turn signal identifies rows worth restoring.

4.4. Baselines and references

We compare the full-cache reference, the base compressed
cache before repair, matched no-repair By atch, Random-K
and Oldest- K restore controls, and REPAIRKV. Random- K
and Oldest- K promote from the same evicted KV store as
REPAIRKV without scoring with (), testing whether gains
come from query-aware repair or generic reinsertion.

The specificity study adds StaleQ-K (score with the pre-
vious turn query), WrongQ-K (score with another exam-
ple’s QQ2) and Refresh-buffered, which reselects the whole
Bpase + K context budget from active and offloaded rows af-
ter ()5 is known, without full-prefix recomputation. Refresh-
buffered exposes selector headroom rather than acting as a
main baseline.

5. Results
5.1. Matched-budget frontier

Across MQ-NIAH-2Q/4Q/6Q/8Q, REPAIRKYV separates
from matched no-repair at moderate to large restore budgets.
At K = 96, REPAIRKYV scores 0.910 on 4Q, 0.989 on 6Q,
and 0.960 on 8Q, while matched no-repair scores 0.245,
0.422, and 0.546, respectively. Figure 2 reports the full
raw ()5 score frontier. Random-K and Oldest-K stay near
matched no-repair, showing that generic reinsertion from
the same evicted KV store does not explain the gains (Ap-
pendix Fig. 8). MQ-NIAH-2Q saturates by K = 80, while
matched no-repair remains near 0.06. Across all twelve bal-
anced partitions at K = 128, REPAIRKYV beats B a¢cn and
both content-agnostic controls. Even the weakest partition-
level gains are 0.585, 0.387, and 0.292 for 4Q, 6Q, and 8Q,
respectively. (Appendix Figure 7).

5.2. Next-turn signal specificity

Repair gains depend on using the correct newly revealed
signal. At K = 48, StaleQ-K and WrongQ-K stay near
matched no-repair, with gains 0.028 [—0.021, 0.083] and
0.028 [—0.014,0.069], while REPAIRKV reaches 0.326
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Figure 2. Raw ()2 score under matched resumed-cache budgets.
Solid: REPAIRKV; dotted: matched no-repair. Right labels: query
count and Agg (gain at K=96).

[0.243,0.410]. Thus, the improvement is not explained by
scoring with any query-like text; the signal must match the
upcoming turn. Refresh-buffered reaches 1.000, showing
that relevant rows remain available for stronger selectors to
exploit, motivating an open research direction.

Table 1. Next-turn signal specificity at K = 48 on MQ-NIAH-4Q
(72 paired example-partition cases). Stale and donor controls test
whether any query-like signal suffices; Refresh is a full-budget
reselector over active and offloaded K'V.

Condition Q2 score A vs. matched [95% CI]
Matched no-repair  0.215 -

StaleQ-K 0.243  +0.028 [—0.021, 0.083]
WrongQ-K 0.243  +0.028 [—0.014, 0.069]
REPAIRKYV 0.542 +0.326 [0.243, 0.410]
Refresh-buffered 1.000 +0.785 [0.722, 0.847]

5.3. Repeated relevance shifts

The repair effect persists when relevance changes repeatedly.
On a fixed five-turn MQ-NIAH-8Q revisit schedule (K =
80, n = 24), REPAIRKV gains 0.542 over matched no-
repair on non-initial turns (95% CI [0.458, 0.620]). Random-
K and Oldest-K gain only 0.010 and 0.021, and RE-
PAIRKYV remains above StaleQ-K, suggesting that repair
can track the current turn signal across repeated controlled
shifts.

5.4. Eviction-policy sensitivity

REPAIRKYV also improves caches produced by other first-
stage eviction policies. On MQ-NIAH-4Q, we replace the
primary SnapKV-style compressor with HoO-style accumu-
lated attention retention and a StreamingLLM-style sink-

[IRand/old = matched ¥ Stale-Q MRepairKV

1.0
0.5 | I
0.0+—= —

T5

exact score

T T T
T2 T3 T4
shift high shift revisit

Figure 3. Five-turn relevance-shift diagnostic on MQ-NIAH-8Q
(Bbase=18,432, K=80, n=24). Groups show post-priming exact
scores at equal active-cache budget. Intervals are bootstrap 95%
CIs for REPAIRKYV, and Stale-Q uses the previous-turn query.

plus-recent rule. In both cases, REPAIRKV improves over
each policy’s matched no-repair baseline while Random- K
and Oldest-K remain near baseline (Figure 4). Under the
StreamingLLLM-style policy, for example, REPAIRKV gains
0.431 at K = 128. A separate Scissorhands-style persis-
tence stress test also clears the matched-budget protocol
(Appendix Table 3).

5.5. Real-repository diagnostic

To test external validity beyond MQ-NIAH, we ran a con-
trolled relevance shift diagnostic on 48 callsite examples
from 12 open-source repositories drawn from the SWE-
bench pool (Jimenez et al., 2024) at fixed commits. Each
example loads 32K tokens of line-numbered repository con-
text. The first turn asks about a file unrelated to the answer,
encouraging compression to evict the later relevant code.
The second turn asks for a target identifier at a callsite.

Between turns, an event arrives: a description of the callsite
with the target identifier redacted. This event replaces the
synthetic ()5 signal used in MQ-NIAH, and all conditions
decode the same event and question prompt. At K = 192,
event-only REPAIRKYV improves exact identifier accuracy
from 18.8% matched no-repair to 72.9%. Non-query con-
trols and ToolFile- K remain near matched (Table 2). Thus,
the gain comes from using the event as a relevance sig-
nal, not from generic reinsertion or simply knowing the file
name.

Label-assisted references show remaining headroom: File-
gated REPAIRKYV reaches 83.3%, and AnchorWindow-K
reaches 89.6%. This is a small diagnostic rather than a full
benchmark, but it shows some initial evidence that the repair
approach improves quality beyond the synthetic MQ-NIAH
setting. Appendix Figure 6 gives the full audit.

5.6. Runtime

We run a separate GPU runtime probe for the repair oper-
ation, measuring chunked scan, top-K selection, and KV
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Figure 4. Eviction-policy sensitivity on MQ-NIAH-4Q (n=24,
Brase=16,384). Curves show ()2 gain over each policy’s matched
no-repair; gray band spans Random- K/Oldest-K .

Table 2. Real-repository diagnostic at K=192 on 48 callsite
cases from 12 SWE-bench repositories. Accuracy = exact target-
identifier recovery. Non-query = best of Random-K/Oldest-
K/StaleQ-K/WrongQ-K. AnchorWindow and File-gated are
label-assisted (others non-label).

Condition Accuracy
Matched no-repair 18.8%
Best non-query control 16.7%
ToolFile-K 18.8%
REPAIRKV 72.9%
File-gated REPAIRKV 83.3%
AnchorWindow-K 89.6%

movement over pinned host-memory BF16 tensors with
Qwen-shaped dimensions. At K = 5000, p95 repair la-
tency is 50.0 ms at 32K offloaded candidates, 1.20 s at 1M,
and 4.64 s at 4M (Figure 5). Although these numbers are
hardware- and model-dependent, the key property is that
cost scales linearly with the number of candidate KV rows,
which keeps repair in the seconds range even at million-
row candidate pools, unlike approaches that recompute or
score over full context-query interactions with quadratic
cost. At K=96 the full repair takes around 110 ms (p95)
versus 2.13 s for full-prefix prefill on our system, even with
FlashAttention-2/3 speedups (Dao, 2023; Shah et al., 2024);
see Appendix C for selector ablations and time-budgeted
query-aware baselines.

These costs are small relative to many agent and tool-use
pauses: OS-level execution, including tool calls and setup,
can account for 56-74% of task latency (Zheng et al., 2026),
and tool calls range from sub-second file/shell operations to
multi-second tests or code execution (Li et al., 2026). More
broadly, the low repair cost suggests a runtime role beyond
using otherwise idle GPU time: repair can be run oppor-
tunistically at turn boundaries, tool results, retrieval updates,
or other state changes to trade a small amount of memory
movement and time for substantially better resumed-cache
quality.
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Figure 5. Runtime-capacity probe. (a) p95 of chunked scan +
top-K select + KV move at query length 64, Qwen-shaped pinned
host BF16 KV. (b) Stage-wise p95 at K=5000.

6. Conclusion

REPAIRKYV makes the case for revisable KV compression.
Existing compression policies decide which past tokens re-
main active using the information available at compression
time. Our results show that this decision can be usefully
revised when a later turn reveals a new relevance signal.
Across MQ-NIAH-2Q/4Q/6Q/8Q, repeated relevance shifts,
alternative eviction policies, and a small real-repository di-
agnostic, promoting a small set of relevant evicted rows sub-
stantially improves resumed-cache quality under the same
active-cache budget.

The broader direction is multi-tier, mutable KV memory
for resource-adaptive long-context inference. Repair sug-
gests that runtimes need not treat compression as a one-way
loss: they can maintain searchable evicted state, score it
when new signals arrive, and use cheap promotion to trade
a small amount of memory movement for better response
quality. This opens several follow-up directions: stronger
(Q)o-aware selectors, page-level repair policies, scheduler-
aware repair at arbitrary turn or tool events, and benchmarks
with production-style multi-turn traces, hidden future rele-
vance, and explicit accounting for active-cache, offloaded
storage, transfer, and recompute cost.

Impact Statement

This paper studies inference-time KV-cache repair for long-
context language models. Its intended impact is to reduce
GPU memory pressure while improving response quality in
long-context and agentic settings where relevance changes
between turns. We do not foresee novel ethical risks beyond
those already inherent to large language model use.
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A. Outlook and open directions

We share this prototype as preliminary evidence that com-
pressed KV state can be usefully revised at a turn boundary.
The patterns we observe across matched active-cache bud-
gets, eviction-policy variations, repeated relevance shifts,
and a small real-repository diagnostic suggest a mechanism
worth deeper study. We propose several extensions as natu-
ral next steps.

Scale and coverage. With more compute, we plan to run
the matched-budget protocol on additional instruct-tuned
families (Llama, Mistral), at larger model scale (70B-class),
and at longer contexts (64K, 128K, 256K), where eviction
errors compound and the room for repair grows.

Stronger benchmarks. SCBench and full SWE-bench
resolution are potential short-term next steps. The ideal
benchmark would be closer to production multi-turn agent
traces with real tool calls.

Stronger comparisons. Running query-aware retrieval
methods (e.g., QUEST, ShadowKYV) as repair operators un-
der the matched active-cache-budget protocol would isolate
selector quality from architectural commitments, alongside
end-to-end serving evaluations under realistic deployment
baselines.

The mechanism also fits naturally into the multi-tier KV sys-
tems that have become a frontier of LLM serving. NVIDIA’s
ICMSP makes NVMe-resident KV part of the context ad-
dress space (NVIDIA, 2026), CXL-based KV systems
push the warm tier off-package with coherent host-side
access (Kim et al., 2025; Yoon et al., 2025; Liu and Yu,
2025), and inference accelerators are exposing tiered mem-
ory architectures (d-Matrix, 2025; SambaNova, 2024). The
open runtime question across these stacks, namely which
slow-tier rows to promote back into the active tier under a
budget and on what signal, is the question this mechanism
is designed to address. We see revisable compressed KV as
a research primitive worth broader investigation.

B. Additional Evaluation Details

Protocol details. Concise split prompts request values
only, comma-separated, with a short answer prefix and fixed
decode budgets of 24 tokens for MQ-NIAH-4Q, 48 tokens
for MQ-NIAH-6Q, and 64 tokens for MQ-NIAH-8Q. Gen-
eration is deterministic greedy decoding with no sampling.
The main examples use dataset seed offset 0. Random-K
uses a deterministic example- and K -dependent seed. Boot-
strap intervals are percentile intervals over paired example-
partition rows with fixed seeds. Main Qwen runs use BF16
weights on one RTX PRO 6000 Blackwell GPU with Python
3.12.3, PyTorch 2.10.0+cul28, and Transformers 5.2.0. The

exact-Qs selector described in Section 4 is distinct from
decode-time answer-token attention and from the final an-
swer metric.

Span-group diagnostic. SpanRef-K starts from the
same B state and offloaded evicted-KV store as REPAIRKV.
It enumerates the small family of annotated ()5 answer-span-
group subsets, one key/value span group per requested nee-
dle, evaluates each subset once under actual ()5 generation,
and chooses the highest-scoring subset with total cost at
most K. It is exact over this benchmark-specific span-group
family, but not over all arbitrary token subsets or possible
final generations. Because the selected span-group subset
may use fewer than K rows, a repair selector can occasion-
ally score higher at low budgets by spending the full budget
on useful local neighborhoods around future-relevant spans.
Thus SpanRef-K is a diagnostic span-group reference, not
a ceiling.

Partition choices. For MQ-NIAH-4Q, the pooled panel
uses 14—23, 24—13, and 34—12. These are the balanced
2|2 partitions whose ()2 side excludes the tail-anchored
fourth needle. For MQ-NIAH-6Q, the pooled panel uses
156—234, 256—134, 356—124, and 456—123, so the
second turn excludes the two latest needles. For MQ-
NIAH-8Q, the pooled panel uses 5678—1234, 16782345,
2678—1345, 3678—1245, and 4678— 1235, again exclud-
ing the two latest needles from the second turn. Within-
turn order is not treated as a separate condition because the
prompt asks for comma-separated values only and scoring
checks whether each requested value is recovered.

Scissorhands-style persistence stress test. Table 3 re-
peats the MQ-NIAH-6Q matched-budget protocol with the
initial SnapKV-style eviction replaced by a one-shot per-
sistence policy inspired by Scissorhands, testing whether
repair still works when the compressed cache is chosen by
attention persistence rather than the primary eviction pol-
icy. Canonical online per-head Scissorhands reproduction
remains future work.

Table 3. Scissorhands-style persistence stress test on MQ-NIAH-
6Q (Brbase=18,432, n=24). Values are exact scores; full-cache
reference is 0.990 for all K. Best ctrl. is the stronger of Random-
K and Oldest-K; CI is the paired bootstrap 95% interval for
REPAIRKYV —Bpatch.

K Buaten Ctrl. REPAIRKV CI

48 0365 0.382 0.712 [0.292, 0.403]
64 0365 0.382 0.795 [0.378, 0.490]
80 0.378 0.385 0.934 [0.503, 0.604]
9 0375 0.382 0.993 [0.566, 0.670]
128 0.368 0.378 0.990 [0.573,0.674]
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C. Time-Matched Selector Ablations

Time-budgeted baselines. Two additional baselines ex-
tend the protocol of Section 4, both subject to a wall-clock
budget matched to REPAIRKV’s measured per-pause re-
pair time. Refresh-K-budgeted is the Refresh-buffered
baseline of Section 4 with this wall-clock budget applied:
when the budget runs out, it stops scoring further evicted
positions. PageSummary-Quest-inspired pre-computes
per-chunk summary keys (max over each chunk) at compres-
sion time, ranks chunks by a cheap inner product against
()2, and within the same wall-clock budget visits top-ranked
chunks using the same per-position scorer. Both methods
choose from the same evicted store as REPAIRKV and are
matched on resumed active-cache rows (Bpase+K); only
their off-budget service costs (scoring time, transfer, pro-
jection) differ. All numbers in this supplement come from
a smaller paired n=36 MQ-NIAH-4Q slice, run separately
to keep the wall-clock-budgeted baselines tractable; small
differences from the n=300 headline numbers in Section 5
(e.g., Bmatch=0.208 here vs. 0.245 there) reflect this resam-
pled slice rather than a protocol change.

Wall-clock-matched K-sweep. On MQ-NIAH-4Q at
a 150ms absolute scoring budget across K €
{32,64,96,128} (Qwen2.5-7B-Instruct, Bpasc=16,384,
n=36 paired observations per K), the budget runs out be-
fore Refresh- K -budgeted finishes scoring on all 36/36 ex-
amples, scoring approximately 4,000 of 32,768 evicted po-
sitions per call. REPAIRKV dominates at K > 64, reaching
0.917 at K=96 against 0.472 for Refresh- K -budgeted and
0.194 for PageSummary-Quest-inspired (matched no-repair
Bratcn=0.208). At K=128 under the same budget, RE-
PAIRKYV saturates at 1.000 while the two time-budgeted
baselines remain near 0.5 and 0.2.

Per-position scoring vs. burst-expansion contributions.
The gains decompose into two contributions at K=96
on Qwen. Promoting only the top-scoring evicted po-
sitions, without the burst-expansion step of Section 3,
reaches 0.653 and exceeds PageSummary-Quest-inspired
by Agcore==0.459. This isolates the lift from per-position
scoring relative to the cheaper per-chunk-summary scorer.
Adding burst expansion lifts REPAIRKV to 0.917, an addi-
tional Ap,=+0.264. Per-position scoring contributes the
larger share.

D. Additional Experiments

The supplementary figures probe external validity, query-
count and operating-regime breadth, partition consistency,
runtime capacity, and appendix selector diagnostics.
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Figure 6. Controlled real-repository relevance-shift diagnostic over
48 callsite examples from 12 repositories drawn from the SWE-
bench repository pool at pinned commits. Repair sees only the
event cue. All conditions decode the same event-plus-question
prompt. Left: exact identifier accuracy at K = 96 and K = 192.
Right: K = 192 REPAIRKYV gain over matched no-repair after
removing cue-only or answer-retention rows. ToolFile- K is file-
name-assisted with oldest-row backfill. File-gated REPAIRKV
restricts candidates to the event-named file before applying the
event-only scorer. Lexical is an answer-sanitized diagnostic outside
the deployable-selector comparison. AnchorWindow-K is a label-
assisted locality reference outside the deployable-baseline and
end-to-end issue-resolution comparisons.
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Figure 7. Per-partition endpoint scores at /' = 128 on the final ex-
act evaluations. Gray segments show the change from matched no-
repair to REPAIRK'V, orange points show the benchmark-metadata
SpanRef-K diagnostic, and labels report the REPAIRKV differ-
ence over matched no-repair.
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Figure 8. Mechanism diagnostic for the final exact MQ-NIAH
evaluations. Curves show overlap between promoted tokens and
annotated Q2 answer spans. Content-agnostic promotions stay
near baseline while REPAIRKYV increasingly covers future-relevant
spans.



