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ABSTRACT

KV caches make long-context serving efficient by reusing past computation, but
model switching breaks this reuse and forces the receiver to prefill the context
again. We study zero-prefill cross-model context handoff: translating a sender cache
into a receiver-compatible state so that the receiver can continue directly without
prefilling same context. Existing affine transport methods show that receiver KV
states can be substantially reconstructed from sender caches. However, through
extensive analyses, we find that reconstruction fidelity is a poor proxy for receiver
utility. Similar K/V reconstruction errors can lead to substantially different attention
patterns, predictive distributions, and downstream accuracy, because conventional
reconstruction objectives overlook the query-dependent functional importance of K
and V in receiver attention. We thus introduce CACHELINK, which learns a coupled
K/V correction through the receiver behavior directly. Across four independently
trained sender—receiver pairs and seven evaluation panels, CACHELINK improves
the equal-weight mean over all methods for every pair. In matched diagnostics,
CACHELINK changes K/V squared error by less than 0.4% while substantially
changing receiver attention and next-token behavior. At 32K context, it reduces
handoff latency by up to 7.27x relative to receiver re-prefill. Our findings verify
that reconstruction fidelity alone is insufficient and that preserving the receiver
computation induced by the transported cache is important for effective cross-model
KV transport.

1 INTRODUCTION

KV caches reduce redundant context computation and improve LLM serving efficiency, especially
for long-running agents. Yet, when switching models, the cached states cannot be directly transferred
to and reused by the new model, forcing it to prefill the same context again. Besides, Routers and
cascades increasingly move requests across models to trade inference cost for capability (Dohan et al.,
2022; Chen et al., 2024; Aggarwal et al., 2024; Ong et al., 2025; Hu et al., 2024; Zhang et al., 2026).
A model switch therefore creates a recurring systems cost: the sender may have already processed
tens of thousands of useful tokens, but the receiver cannot directly reuse its KV cache and must prefill
the same context again. Same-model serving systems avoid this repeated work through prefix-KV
reuse (Kwon et al., 2023; Gim et al., 2024; Srivatsa et al., 2025; Zheng et al., 2024; Qin et al., 2025).
We study zero-prefill cross-model context handoff, where the sender processes the reusable prefix
once, its KV cache is translated into the receiver’s cache space, and the receiver continues without
replaying the transferred prefix (Figure 1).

Recent cross-model state-transfer work shows that related models admit useful internal align-
ments (Chen et al., 2025; Zhao et al., 2025; Fu et al., 2026; Dery et al., 2026). For KV transport,
per-head Ridge regression reconstructs a substantial fraction of the receiver cache from sender
states (Heo et al., 2026), and CacheBridge further improves affine mapping across models (Qu
et al., 2026). These results establish reconstruction as a strong starting point. They do not establish
reconstruction fidelity as the right objective. Receiver queries consume the translated K and V jointly
through attention, and we find that caches with similar K/V error can induce substantially different
attention, predictive distributions, and task accuracy.
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Figure 1: A model switch breaks native KV-cache reuse. The sender has already processed the
accumulated context and produced a reusable cache. Native switching discards that computation and
rebuilds the receiver cache by prefilling the same prefix again. Cross-model handoff translates the
sender cache into a receiver-compatible state, allowing the receiver to continue without replaying the
transferred context.

This reconstruction—utility mismatch motivates CACHELINK. CACHELINK learns a coupled K/V
correction, and trains the transported state through the frozen receiver with functional supervision.
Ridge supplies the cross-model structure already captured by affine prediction (Heo et al., 2026); the
functional objective directs subsequent correction toward the behavior that the receiver actually uses.
Deployment remains zero-prefill: the receiver processes only the new query and generated tokens.

Across four independently trained sender—receiver pairs and seven fixed evaluation panels, CACHE-
LINK achieves a higher equal-weight mean than both Ridge and the native sender for every pair and
outperforms Ridge in 26 of 28 pair—panel comparisons. Matched diagnostics sharpen the mechanism:
receiver attention and next-token behavior change substantially while K/V squared error changes
by less than 0.4%. At a 32K reusable prefix, CACHELINK reduces handoff latency by up to 7.27x
relative to receiver re-prefill.

Our main contributions are:

* Problem and finding. We formulate zero-prefill cross-model context handoff and conduct
extensive diagnostic analyses of cross-model KV reuse. These analyses show that KV
reconstruction fidelity does not determine downstream receiver utility: caches with similar
reconstruction error can induce markedly different receiver behavior.

* Method. We introduce CACHELINK, which learns a coupled K/V correction through
functional supervision from a frozen receiver. By optimizing the computation induced by
the transported cache, CACHELINK targets receiver behavior directly instead of focusing
solely on accurate tensor reconstruction.

» Evaluation. Across four sender—receiver model pairs and seven datasets, CACHELINK con-
sistently outperforms Ridge while preserving the latency advantage of zero-prefill handoff,
achieving up to 7.27x lower handoff latency than receiver re-prefill at 32K context.

2 RELATED WORK

Cross-model representation and state transfer. Representation-similarity analyses show that
independently trained models often share substantial geometric structure (Kornblith et al., 2019; Huh
et al., 2024), while model-stitching methods exploit this structure by learning mappings between
intermediate states (Bansal et al., 2021; Chen et al., 2025). Recent LLM systems extend this
idea to runtime transfer through attention mapping, KV projection, shared latent spaces, selective
recomputation, or coordinated prefill (Zhao et al., 2025; Fu et al., 2026; Dery et al., 2026; Liu et al.,
2026b; Woo et al., 2026a;b).

Cross-model KV transport. KV caches are especially attractive transfer targets because they
contain the state needed to continue autoregressive decoding after a prefix has been processed.
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Recent work shows that sender KV states can predict a substantial fraction of receiver KV structure
using simple affine mappings (Heo et al., 2026), and CacheBridge develops related cross-model
cache mappings for efficient reuse (Qu et al., 2026). Our experiments build on this reconstruction
basis: because the receiver consumes K and V jointly through attention, transported-cache utility
depends on the computation it induces, not only on elementwise agreement with native tensors.
CacheLink therefore starts from an affine receiver-cache estimate and learns a coupled correction
through receiver-level functional supervision.

KV reuse, serving, and model routing. Within a single model, modern serving systems preserve
prefill work through prefix caching, shared-prefix scheduling, disaggregated serving, and selective
cache reuse across repeated or overlapping requests (Gim et al., 2024; Zheng et al., 2024; Srivatsa
et al., 2025; Qin et al., 2025; Yao et al., 2025). Complementary work reduces the memory and
bandwidth cost of an already-compatible cache through quantization, token selection, and cache
compression (Liu et al., 2024; Tang et al., 2024; Li et al., 2024). At the same time, routers and
cascades increasingly move requests among models with different capability and cost profiles (Dohan
et al., 2022; Chen et al., 2024; Aggarwal et al., 2024; Ong et al., 2025; Zhang et al., 2026). These
two trends meet in long-running workloads: context may be reusable, yet the next model selected by
the router cannot directly consume the previous model’s KV state. Cross-model cache transport turns
that already-computed prefix state into something that can survive a model switch, allowing routing
and context reuse to coexist without replaying the reusable prefix.

3 PROBLEM SETUP

3.1 ZERO-PREFILL CROSS-MODEL HANDOFF

Let a sender model S process a reusable prefix ., and produce
L L
C%(21:n) = { K (1), Vi (w1n) },) CT(z1:m) = {K] (#1:0), Vi (@1:0) },0, - (D)
A receiver model T would ordinarily prefill the same prefix to construct C7 (1., ). We instead learn :
F: C%(@1n) = CT(@1n), by

as a transport and inject T directly into the receiver. Under the strict zero-prefill constraint used
throughout this paper, deployment performs no target-prefix prefill, sparse replay, or receiver-side
reconstruction pass over x1.,. The complete receiver cache is produced from the sender cache alone.

The transported cache is the state consumed by future receiver queries. At each attention layer,
K determines how a query routes probability mass across cached positions, while V determines
the information returned along those routes. Handoff quality therefore depends on the receiver
computation induced by the paired K/V state.

3.2 RECONSTRUCTION BASELINE

The Ridge baseline treats handoff as supervised reconstruction of the native receiver cache (Heo et al.,
2026). For each target layer [, let S; contain the & sender layers selected by held-out predictability.
After removing source RoPE from keys, selected states are concatenated at each token position,

Js,t, ml‘ft = concatjes, VJSt 3)
Independent affine regressors predict each target-layer KV head,

K _
x;y = concatjes, K

Kl =Wl + 005, Vi, =al W), + b 4
W* = argmin (| XW = Y& + M[W|[E) . ©)

Target RoPE is reapplied to KT before cache injection. Our matched baseline uses k£ = 8 and the
published 500 x 1024 FineWeb-Edu calibration protocol. Ridge reconstructs a substantial fraction of
the receiver KV state and provides a strong structural baseline for cross-model handoff.

Does lower KV reconstruction error produce a more useful receiver cache?
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Figure 2: Long-prefix utility degrades even as KV reconstruction error decreases. Both panels
use the same dataset order and the same Qwen3-14B—32B diagnostic. (a) Native and Ridge task
scores. (b) Ridge K/V reconstruction MSE. Across NoLiMa 8K—32K, reconstruction error decreases
while task utility falls sharply.

4 RECONSTRUCTION FIDELITY DOES NOT DETERMINE RECEIVER UTILITY

4.1 RECONSTRUCTION FIDELITY DOES NOT PREDICT HANDOFF UTILITY

Ridge reconstructs substantial receiver KV structure from the sender cache, yet its downstream
utility varies sharply across tasks. To test whether reconstruction error explains this variation,
we use a targeted Qwen3-14B—32B diagnostic; the full seven-panel comparison across all four
sender—receiver pairs appears in Appendix Figure 8.

Figure 2 compares ARC-C and GSMS8K with NoLiMa 8K/16K/32K and NeedleBench MR32K.
Ridge remains relatively close to the native receiver on the short-prefix tasks, while its NoLiMa score
drops from 19% to 9% to 2% as the reusable prefix grows from 8K to 16K to 32K; the native receiver
scores 58%, 36%, and 14%. Over the same sweep, K-MSE decreases from 0.465 to 0.433 and V-MSE
decreases from 1.161 to 1.054. Utility therefore degrades while reconstruction error improves.

Observation 1. Lower K/V reconstruction error does not imply higher receiver utility.

4.2 RECEIVER BEHAVIOR CAN CHANGE WITHOUT BETTER RECONSTRUCTION

The receiver consumes a translated cache through attention. For a receiver query @),

T
Attn(Q,IA{, ‘A/) = softmax(?/% > V. (6)

A perturbation to K changes where the query places attention; a perturbation to V changes what
is retrieved under those weights. These effects are query-dependent and coupled. Mean squared
cache error instead averages over layers, heads, tokens, and dimensions, without measuring the
receiver computation induced by the translated state. We measure that receiver-level computation
on a matched Qwen3-14B—32B diagnostic drawn from the same seven evaluation panels. For 50
examples per panel, we compare the native receiver cache, the Ridge base paired with the step-600
CacheLink checkpoint, and the final CacheLink cache. Appendix A gives the sampling and metric
definitions.

A small residual changes receiver behavior while leaving reconstruction nearly unchanged.
Figure 3 connects the geometry of the learned residual to the computation it induces in the receiver.
Panels (a) and (b) show that the correction is small—only 1.52-1.79% of Ridge RMS for K and
1.88-2.40% for V—and is nearly orthogonal to the Native—Ridge gap across panels. Panel (c) then
shows that adding this residual barely changes the average K/V reconstruction error. In contrast,
panels (d) and (e) show clear changes in the receiver’s prefix-attention and next-token distributions.
The same small tensor-space correction can therefore have a much larger effect after it passes through
receiver attention and prediction. On the separate 200-example short-prefix multiple-choice subset,
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Figure 3: A small residual changes receiver behavior while leaving reconstruction nearly
unchanged. The top row shows residual size and direction; the bottom row compares cache error,
prefix attention, and next-token behavior.
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Figure 4: Cache-error changes do not track receiver-level changes within panels. Points are
matched examples after within-panel centering.

length-normalized accuracy rises from 48% to 51%, with 12 wrong-to-correct and 6 correct-to-wrong
flips.

The decoupling persists example by example. Figure 4 removes panel offsets by centering each
metric within its panel before pooling examples. The centered Pearson association between mean
K/V error reduction and attention-JS change is —0.023; the association with next-token-JS change
is 0.067. On the short-prefix panels, the association with normalized gold-answer log-probability
change is 0.181. Movement toward the native cache in squared-error space therefore carries little
information about how receiver behavior changes.

Observation 2. Receiver-level functional change is largely decoupled from movement toward the
native cache in squared-error space.

Observations 1 and 2 assign reconstruction a clear role: it provides useful structure, but receiver
behavior must supply the optimization signal.

4.3 K AND V SHARE A COMMON LATENT ORIGIN

At each layer and token, K and V are different projections of the same underlying hidden representa-
tion. Suppressing normalization and positional transforms for clarity, they take the form K = hWg
and V = hWy, . Cross-model shifts in K and V can therefore share factors inherited from A. Their
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Figure 5: K and V interact functionally under cross-model cache handoff. RR, NR, RN, and NN
denote Ridge K/Ridge V, Native K/Ridge V, Ridge K/Native V, and Native K/Native V, respectively.
Replacing only one component does not produce a uniform improvement across tasks, so the effect
of K depends on the paired V state and vice versa.

functional roles are coupled as well: K determines the attention weights applied to V, so the effect of
correcting one component depends on the state of the other.

We test this interaction with a targeted source-swap intervention on five tasks. Figure 5 compares
Ridge K/Ridge V (RR), Native K/Ridge V (NR), Ridge K/Native V (RN), and Native K/Native V
(NN). RR is the deployable Ridge state; NR, RN, and NN are oracle interventions that expose the
effect of replacing one or both cache components. Replacing only K or only V does not yield a
consistent improvement across tasks. Correcting one component can help or fail depending on the
paired state of the other, matching their shared origin and coupled use in attention.

Observation 3. K and V transport errors share latent structure and should be corrected jointly.

Each observation maps directly to a CacheLink design choice. Ridge supplies the structural initializa-
tion; receiver-level supervision optimizes functional utility; and separate K/V stems followed by late
fusion capture projection-specific and shared structure in a joint correction. Section 5 implements
these choices.

5 CACHELINK: FUNCTIONAL RESIDUAL KV TRANSPORT

The three observations in Section 4 define the design of CACHELINK. Ridge initializes a complete
receiver cache; separate K/V stems preserve projection-specific structure before late fusion forms a
joint correction; and functional supervision trains the transported state through the frozen receiver
with continuation CE and forward KL.

Ridge as structural initialization. A substantial fraction 1.0 =

of receiver KV structure is linearly predictable from the W
sender cache. In the layerwise diagnostic summarized in

Figure 6, mean held-out R? across the 64 receiver layers

Held-out R2
o
1

. . ! — K —V

is 0.838 for K and 0.609 for V. Ridge therefore provides 0.0 4 i ; ; |
a complete, structured starting state; CacheLink uses its 1 16 32 48 64
additional capacity to optimize the functional correction Target layer

that reconstruction alone leaves unresolved.
Figure 6: Linear KV predictability.

For target layer [, let S; contain the same k& = 8 sender layers selected by the Ridge baseline. At
token position ¢, we form

K s v s
X = concatjes, K7y, X, = concatjes, V5. @)

where source keys are represented after kNorm and de-RoPE and values remain in raw cache space.
The fitted Ridge maps produce the receiver-cache initialization,

B, =RFN(Xx[E), B, =R/ (X}). (8)
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CACHELINK predicts residual corrections AKX and AV on top of this initialization. The residual
output heads are zero-initialized, so every checkpoint begins from the Ridge solution. The fitted
Ridge maps remain fixed throughout CacheLink training; only the residual mapper parameters are
optimized.

Coupled K/V residual transport. K and V are produced from the same layer input hidden
representation through different projections. We preserve their projection-specific structure with
separate stems,

2y = GELUW/S XS +0f), 2, =GELUW/ X/, +b)). ©)

The two views are then fused before either correction is produced:
w, = GELU(W/ [2[5: 23] + b)), (10)
AKyy = H{ iy, AVig = H . (1)

The shared representation u; ; captures latent factors jointly expressed through K and V. The resulting
receiver cache is

K[, = RoPEp(Bf + AKyy), Vi = BY, + AV, (12)

Functional supervision through the receiver. We inject the translated cache into a frozen receiver
and optimize the behavior induced by that state. For a continuation y;.7 following the reusable prefix,
the training objective is

1 1
[ffunc - _T Z logpmap(yt) + )\KLf Z DKL (pnative,t || pmap,t) . (13)
t t

The CE term trains the transported state to support the target continuation; forward KL transfers the
predictive behavior of a native receiver that prefills the same prefix. Gradients pass through receiver
attention into CACHELINK, while receiver parameters remain frozen. The final objective contains no
cache-reconstruction loss. Appendix A reports the loss ablation and implementation details.

Zero-prefill deployment. At deployment, the sender computes the reusable prefix once, CACHE-
LINK translates the resulting cache once, and the receiver processes only the new query and generated
tokens. The receiver never replays the transferred prefix.

6 EXPERIMENTS

6.1 EXPERIMENTAL SETUP

Models and zero-prefill protocol. We evaluate four sender—receiver pairs: Qwen3-14B—32B and
Qwen3-8B—14B (Yang et al., 2025), Ministral-3-8B-Reasoning-2512— Ministral-3-14B-Reasoning-
2512 (Liu et al., 2026a), and Yi-1.5-9B—34B (01.Al et al., 2024). Every handoff method constructs
a complete receiver cache from the sender cache and performs zero receiver prefill on the reusable
prefix. Keys are translated after source de-RoPE and receive target RoPE before injection; values
remain in raw cache space. Within each model pair and evaluation panel, all methods use identical
tokenized inputs, prompts, decoding rules, and scorers.

Evaluation panels. We use seven fixed panels spanning short- and long-prefix settings. SciQ (Welbl
et al., 2017), MMLU-Pro (Wang et al., 2024), MMLU-Pro-Plus (Taghanaki et al., 2024), and Open-
BookQA (Mihaylov et al., 2018) are short-prefix multiple-choice tasks. Oolong-Synth 32K (Bertsch
et al., 2025), LongBench-v2 (Bai et al., 2025), and BABILong 32K (Kuratov et al., 2024) use long
reusable prefixes and task-specific scorers. MMLU-Pro and MMLU-Pro-Plus share question stems
and are reported separately. The equal-weight mean provides a compact within-pair summary of the
seven panel scores.

Baselines. We compare CACHELINK with the native sender, native receiver, Ridge-£8 (Heo et al.,
2026), CacheBridge (Qu et al., 2026), and LatentAlign (Dery et al., 2026). Native receiver re-prefills
the reusable prefix and serves as the large-model reference; all cache-transport methods operate under
the same zero-prefill protocol.
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Table 1: Main results across four sender—receiver model pairs. Scores are percentages. CB and
LA denote CacheBridge and LatentAlign, respectively. Native receiver is shown as the large-model
reference and is excluded from boldface selection. Bold marks the best among native sender, Ridge-
k8, CB, LA, and CACHELINK. Equal-weight means summarize the seven panel scores and are not
pooled accuracy.

Dataset / panel Native receiver | Native sender  Ridge-k8 CB LA  CACHELINK
Qwen3 14B—32B

SciQ 73.30 59.70 74.80 60.20 25.50 83.90
MMLU-Pro 48.96 36.36 4120 3654 11.10 47.46
MMLU-Pro-Plus 36.03 25.08 35.75 29.39 6.40 40.32
OpenBookQA 39.20 37.80 40.20  39.00 28.00 42.20
Oolong-Synth 32K 29.00 14.23 26.55 25.75 0.00 38.12
LongBench-v2 48.28 43.10 4224 3534 0.00 44.83
BABILong 32K 62.20 54.60 43.60 0.00 0.00 55.40
Equal-weight mean 48.14 38.70 4348 3232 10.14 50.32
Ministral 3 8B—14B

SciQ 54.30 65.60 59.10 5090 22.40 72.60
MMLU-Pro 40.46 28.10 3049 21.89 11.69 34.97
MMLU-Pro-Plus 46.98 22.17 19.71  12.11 6.57 23.45
OpenBookQA 35.60 36.40 3520 33.60 26.60 38.80
Oolong-Synth 32K 42.86 38.20 42.01 33.81 0.00 36.14
LongBench-v2 45.69 37.93 42.24 38.79 0.00 39.66
BABILong 32K 50.80 51.60 4120 37.80 0.00 45.00
Equal-weight mean 45.24 40.00 38.56  32.70 9.61 41.52
Qwen3 8B—14B

SciQ 59.70 48.10 4750 48.70 21.80 81.90
MMLU-Pro 36.34 40.49 20.78 11.81 11.35 44.28
MMLU-Pro-Plus 25.08 33.50 15.51 6.61 6.32 30.00
OpenBookQA 37.80 36.60 3440 3120 2640 39.80
Oolong-Synth 32K 47.78 41.11 41.20 3.72 0.00 43.02
LongBench-v2 39.66 38.79 31.90 32.76 0.00 37.93
BABILong 32K 53.80 51.00 9.00 0.00 0.00 35.40
Equal-weight mean 42.88 41.37 28.61 19.26 9.41 44.62
Yi-1.5 9B—34B

SciQ 80.00 72.70 62.00 51.80 23.90 81.00
MMLU-Pro 41.40 31.57 2435 11.87 11.52 34.18
MMLU-Pro-Plus 41.57 35.25 18.09 6.70 6.51 24.69
OpenBookQA 44.20 38.40 33.60 31.60 28.80 41.20
Oolong-Synth 32K 20.26 1.61 12.84 3.75 0.00 26.67
LongBench-v2 31.90 23.28 2241 7.76 0.00 30.17
BABILong 32K 41.40 37.40 8.40 3.40 0.00 21.80
Equal-weight mean 42.96 34.32 2596 16.70 10.10 37.10

Training. All four CACHELINK checkpoints use receiver continuation CE and forward KL as
functional supervision. The Ridge maps are fitted before CacheLink training and remain frozen
for every model pair; CacheLink optimizes only the residual mapper. Qwen3-14B—32B trains its
late K/V residual on 400 earlier samples plus 200 LongAlign reasoning samples (Bai et al., 2024).
Ministral-3-8B— 14B trains the six-source residual over its fixed Ridge cache. Qwen3-8B—14B and
Yi-1.5-9B—34B train zero-initialized late K/V residuals for 600 optimizer steps on 1,200 examples,
with two examples per step. Appendix A gives the complete training sources, cache conventions, and
checkpoint dependencies. The experiments test three claims: functional supervision recovers utility
missed by reconstruction, the gain transfers across model pairs and prefix regimes, and zero-prefill
transport retains its latency advantage.
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6.2 FUNCTIONAL SUPERVISION IMPROVES RECEIVER UTILITY

CACHELINK improves the equal-weight seven-panel mean over Ridge for every sender—receiver pair:
+6.84 points for Qwen3-14B—32B, +2.96 for Ministral-3-8B—14B, +16.01 for Qwen3-8B—14B,
and +11.14 for Yi-1.5-9B—34B. At the panel level, it exceeds Ridge in 26 of 28 comparisons. The
same aggregate pattern holds against the native sender, CacheBridge, and LatentAlign: CACHELINK
has the higher equal-weight mean for all four model pairs and exceeds the native sender in 21 of
28 pair—panel comparisons. These results match the mechanism in Section 4. Ridge supplies a
strong reconstruction-based state, while receiver-level functional supervision recovers utility that
reconstruction error does not identify.

6.3 THE GAIN TRANSFERS ACROSS MODEL PAIRS AND PREFIX REGIMES

The improvement is not confined to one model family or context regime. On Qwen3-14B—32B,
Qwen3-8B—14B, and Yi-1.5-9B—34B, CACHELINK improves over Ridge on both the short-prefix
and long-prefix panels. Ministral-3-8B—14B shows the concentrated exception: CACHELINK
improves all four short-prefix panels and BABILong, while Ridge remains stronger on Oolong-Synth
and LongBench-v2.

The cross-pair pattern is therefore broad but task-dependent: functional transport improves both
short- and long-context handoff across three model families, while the remaining regressions are
concentrated in two long-prefix panels for one model pair.

6.4 ZERO-PREFILL TRANSPORT PRESERVES THE LATENCY ADVANTAGE

We measure end-to-end handoff la-
tency in the intended deployment set-
ting: the sender has already processed
the reusable prefix and its KV cache is
available when a model switch occurs.
Native receiver latency includes re-
prefilling that prefix, whereas Ridge
and CACHELINK translate the avail-

able sender cache before continua- R e — R M —
tion. Figure 7 reports latency from 2K 2K 4K 8K 16K 32K 2K 4K 8K 16K 32K
to 32K reusable prefixes on Qwen3- Reusable prefix Reusable prefix

14B—32B and Ministral-3-8B—14B.
Figure 7: Zero-prefill transport scales better with prefix

The residual correction adds modest  Jepgth, At 32K, CacheLink is 7.27x and 6.18x faster than

overhead to Ridge while preserving  recejver re-prefill on the two model pairs.
most of the transport advantage. At

32K, latency increases from 0.839s for Ridge to 0.969s for CACHELINK on Qwen3-14B—32B, and
from 0.364s to 0.406s on Ministral-3-8B— 14B. Both remain far below receiver re-prefill, reaching
7.27x and 6.18x speedups respectively. The advantage grows with prefix length because re-prefill
scales with the transferred context while cache translation avoids receiver-prefix replay.
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7 CONCLUSION

Cross-model KV states can be substantially reconstructed, but reconstruction fidelity does not
determine whether the receiver can use the transported state effectively. CACHELINK turns this
observation into a transport objective: it starts from a Ridge-initialized receiver cache, couples
K/V corrections through late fusion, and trains the transported state through the frozen receiver.
Across four sender—receiver pairs and seven fixed evaluation panels, CACHELINK improves the
equal-weight mean over both Ridge and the native sender for every pair, exceeding Ridge in 26 of
28 pair—panel comparisons and the sender in 21 of 28. Matched diagnostics show why: CacheLink
changes K/V squared error by less than 0.4% while substantially changing receiver attention and
next-token behavior. Zero-prefill cross-model handoff is therefore better framed as preserving receiver
computation than as reconstructing receiver tensors.
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Appendix A specifies each model pair’s cache convention, mapper construction, prompts, decoding,
and scoring. The anonymized source artifact contains the selected training and evaluation code
but does not bundle model weights, Ridge fits, benchmark panels, predictions, or run logs. The
manuscript artifact provides the fixed-panel result tables and, for the matched diagnostic, sanitized
row identifiers, panel hashes, per-example numeric metrics, and aggregation code; all required base
models, checkpoints, and evaluation inputs must be prepared separately as described in the appendix.

Al USE STATEMENT

Generative Al tools were used to assist with literature search, experiment orchestration, plotting
code, and language editing. All numerical claims are derived from stored experiment artifacts; the
authors reviewed the generated text and code, checked citations against primary sources, and take
responsibility for the final content.
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A  EVALUATION AND DIAGNOSTIC PROTOCOL

Cache transport. Qwen3-14B is the sender and Qwen3-32B is the receiver for the mechanism
diagnostic. The receiver has 64 transformer layers; both models expose eight KV heads of dimension
128. A handoff constructs a complete receiver cache and does not prefill the receiver on the reusable
prefix. Keys are mapped in de-RoPE content space and receive the receiver’s RoPE after transport;
values are mapped in raw cache space.

CacheLink architecture. For Qwen3-14B—32B, concatenating the eight selected source layers
gives 8,192-dimensional K and V views. The two stems are 8192 — 256, the late-fusion layer is
512 — 512, and two 512 — 1024 heads emit all eight target K or V heads. The residual mapper
has 5,508,096 trainable parameters per target layer and 352,518,144 across the 64-layer receiver. It
operates directly on the sender cache and requires neither a source-side solo forward pass nor receiver
replay of the transferred prefix.
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Training objective Correct / 100
CE only 37
CE + forward KL 40
CE + reverse KL 39
Forward KL only 29
Reverse KL only 23
Ridge 28
Native sender (14B) 36
Native receiver (32B) 59

Table 2: Loss-function ablation on Qwen3-14B—32B.

Ridge fits and step-600 checkpoints. The main-table Ridge baseline is calibrated on 500 FineWeb-
Edu sequences of 1,024 tokens, with & = 8 selected source layers, all eight source KV heads,
and a separate affine regressor for each target layer/head and for K/V. For every model pair, these
Ridge maps are fitted before CacheLink training and then frozen. The Qwen3-14B—32B step-600
CacheLink checkpoint trains only the late K/V residual on 400 earlier samples plus 200 LongAlign
reasoning samples using receiver continuation cross-entropy and forward KL; inference loads the
fixed ridge/ fit together with the residual. The Ministral-3-8B— 14B checkpoint trains the original
six-source residual over its fixed Ridge cache with receiver cross-entropy plus forward KL. The
Qwen3-8B— 14B and Yi-1.5-9B—34B checkpoints likewise train zero-initialized late K/V residuals
over fixed pair-specific Ridge caches with receiver cross-entropy plus forward KL. Each of the
latter two runs uses 1,200 training examples, two per optimizer step for 600 steps, drawn from
CommonsenseQA, CosmosQA, SQuAD v2, DROP, MultiDoc2Dial, and ContractNLI. These are
training sources, not additional evaluation panels.

Why CE + forward KL? We selected receiver continuation cross-entropy plus forward KL as the
shared functional objective based on an earlier controlled loss ablation for Qwen3-14B—32B. This
pilot used the earlier CacheLink architecture for 150 optimizer steps while holding the training data,
fixed Ridge fit, model structure, and optimization settings constant. All variants were evaluated on the
same 100-question NeedleBench MR32K set with a 4,096-token output cap and strict boxed-answer
matching. Table 2 reports the archived results.

The ablation separates the roles of the two functional terms. CE alone already improves over Ridge
and the native sender, showing that continuation supervision directly teaches the transported state to
support the target task. KL alone is much weaker, but adding forward KL to CE improves the score
from 37 to 40, suggesting that matching the native receiver distribution supplies useful supervision
beyond the gold continuation. Forward KL also performs slightly better than reverse KL in the
matched CE setting (40 versus 39). KL without CE performs substantially worse. We therefore use
CE + forward KL as the functional objective in the main experiments for all four model pairs.

Fixed evaluation panels. All reported evaluation results use the seven panels in Table 1. SciQ,
MMLU-Pro, MMLU-Pro-Plus, and OpenBookQA use their complete selected test splits. Oolong-
Synth uses the fixed 100-question 32K panel for Qwen3-14B—32B and Ministral-3-8B— 14B, and
a fixed 400-question panel for Qwen3-8B—14B and Yi-1.5-9B—34B. LongBench-v2 uses the
pair-specific frozen 8K-32K tokenized panel; BABILong uses the 500-example 32K QA1-QAS
panel. Exact tokenized-panel hashes and completion records are retained with the evaluation artifacts.
MMLU-Pro and MMLU-Pro-Plus share question stems. Different task metrics, panel sizes, tokenizers,
and preprocessing mean cross-panel means are descriptive summaries, not pooled accuracy.

Cross-pair Ridge utility. Figure 8 reports the complete seven-panel comparison for all four sender—
receiver pairs. Ridge is competitive with the native receiver on some panels and falls below the
native sender on others despite using the same mapping family throughout. Averaged across the four
short-prefix and three long-prefix panels, the receiver-minus-Ridge gaps are 1.38 and 9.03 points for
Qwen3-14B—32B, 8.21 and 4.63 for Ministral-3-8B—14B, 10.18 and 19.71 for Qwen3-8B—14B,
and 17.28 and 16.64 for Yi-1.5-9B—34B. The variation is therefore pair- and task-dependent rather
than a uniform long-context failure.
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Figure 8: Receiver utility under cross-model handoff is strongly task- and pair-dependent. Each
subplot shows the native sender, Ridge-£8, CacheLink, and native receiver on the same seven fixed
panels. SciQ, MMLU-Pro, MMLU-Pro-Plus, and OpenBookQA are short-prefix multiple-choice
panels; Oolong-Synth 32K, LongBench-v2, and BABILong 32K use long reusable prefixes.

In-house baseline scope. We reproduce CacheBridge (Qu et al., 2026) and LatentAlign (Dery et al.,
2026) as cross-model KV transport baselines under the same zero-prefill evaluation protocol used
for Ridge and CACHELINK. Table 1 reports their matched results on the same model pairs, inputs,
prompts, decoding rules, and scorers.

Execution. Custom per-layer cache injection is not supported by the standard vLLM generation
interface used in our environment. We therefore evaluate with Transformers and FlashAttention-
2. The 14B sender and 32B receiver reside on separate H100 GPUs; a one-slot pipeline overlaps
preparation of the next sender cache with receiver work on the current item. This changes throughput,
not the tokenized inputs, decoding configuration, or scorer.

Matched mechanism diagnostic. For the Qwen3-14B—32B pair, we select 50 examples from
each of the seven fixed evaluation panels with seed 20260926, stratifying by category or task where
metadata permits. This is a diagnostic subset and does not replace the complete main-table scores.
On each example we compare the native receiver cache, the fixed Ridge cache used to initialize
CacheLink, and the final cache after applying the step-600 residual.

We compute post-RoPE K and raw-V mean squared error, relative squared Lo error, and global cosine
similarity against the native cache. For the learned correction A = CcacheLink — CRidge, WE report
its RMS relative to the Ridge cache, its cosine with Cnative — CRidge, and the fraction of K/V squared
error removed. We also compare final-query-token attention over reusable-prefix positions after
renormalizing those probabilities within the prefix, using Jensen—Shannon divergence, entropy, and
top-10 attention mass. This conditional distribution does not measure the total fraction of attention
allocated to the prefix versus query tokens. The next-token distributions are compared by forward KL,
Jensen—Shannon divergence, and top-1 agreement. These are token- and cache-level diagnostics: they
do not measure full-generation accuracy. Multiple-choice answer scores are additionally computed
for the four short-prefix panels using both raw and length-normalized continuation likelihood.

B SUPPORTING DIAGNOSTIC ANALYSES

The following analyses provide additional evidence for three findings developed in the main text:
Ridge already captures substantial linear sender—receiver KV structure; tensor reconstruction quality
can remain nearly unchanged while task utility changes sharply; and a functionally useful residual
need not behave like another step toward the native receiver cache. These results are used as targeted
diagnostics rather than aggregate benchmark results.

Ridge provides a strong reconstruction base. The NeedleBench MR32K layerwise diagnostic
measures how much receiver KV structure can be predicted linearly from the sender cache before
any functional residual is introduced. Across the 64 receiver layers, mean held-out R? is 0.838 for K
and 0.609 for V, with mean NMSE 0.108 and 0.364, respectively. The important point is not that
Ridge reconstructs every layer perfectly, but that a large fraction of receiver-cache structure is already
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Figure 9: Layerwise cache predictability for Qwen3-14B—32B on NeedleBench MR32K. The
plot reports held-out K/V reconstruction statistics by receiver layer.
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Figure 10: Mapper-variant comparison on NeedleBench MR32K and NoLiMa 8K. Similar
aggregate KV-NMSE can accompany substantially different task scores.

captured by a simple affine map. This observation motivates CacheLink’s residual design: preserve
the strong Ridge reconstruction and learn only what receiver behavior still requires.

Nearly identical tensor error can correspond to very different task utility. The second pilot
compares nine archived mapper variants while holding the evaluation task fixed. On NeedleBench
MR32K, their KV-NMSE values occupy only 0.177239-0.177375, yet accuracy ranges from 12% to
26%. On NoLiMa 8K, KV-NMSE occupies 0.184919-0.185070 while accuracy ranges from 19% to
32%. Thus a mapper can move substantially in task quality without a correspondingly visible change
in aggregate tensor error. This pilot supplied the first direct evidence for the reconstruction—utility
mismatch; the matched seven-panel diagnostics in Section 4.2 test the same idea more systematically.
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Functional corrections are small-to-moderate but do not follow the native reconstruction residual
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Figure 11: Layerwise residual analysis on four held-out 32K LongABC documents. The panels
show correction magnitude, alignment with the Native-minus-Ridge direction, and the change in
Euclidean error.

Functional residuals need not be reconstruction residuals. The third pilot asks whether receiver-
level training merely takes an additional step from Ridge toward the native receiver tensors. Its four
panels measure the learned correction relative to the Ridge cache, relative to the Native-minus-Ridge
gap, its cosine with the Native-minus-Ridge direction, and the post-/pre-correction Euclidean error
ratio. If functional training were simply improving reconstruction, the correction would be expected to
align with Native-minus-Ridge and systematically reduce the final tensor error. Instead, the layerwise
analysis shows that useful corrections can remain small-to-moderate while not consistently following
that reconstruction direction. This observation motivated the cleaner fixed-panel residual-direction
analysis in Figure 3.
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