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Abstract

In long context applications like Retrieval Aug-
mented Generation (RAG), Large Language
Models (LLMs) often reuse independently pre-
computed Key Value (KV) caches to reduce
latency. However, directly assembling these
cached segments introduces errors that degrade
generation quality. We study this problem in
the setting of position-independent caching and
decompose the reuse error into two compo-
nents: a geometric error (G) caused by posi-
tion mismatch, which can be largely removed
by position alignment, and a dynamic error
(D) caused by context-dependent representa-
tion changes. To characterize D, we intro-
duce the smoothness gap, a local diagnostic
that measures the discrepancy between local
KV-state transitions in isolated caches and
those in the full-context baseline. This gap
serves as a necessary local consistency diag-
nostic for reconstruction errors across adja-
cent positions and reveals that recomputing
non-contiguous selected tokens can introduce
additional transition discontinuities, thereby
amplifying the dynamic error. To overcome
this limitation, we propose Transition Over-
lap, a training-free cache-construction proto-
col that prepends a short temporary overlap
to approximate full-context boundary transi-
tions and stores only the KV states of the orig-
inal segment tokens. We instantiate it under
two deployment regimes: Self-Segment Over-
lap (SSO) for query-independent offline caches
and Cross-Segment Overlap (CSO) for cases in
which the predecessor segment is known dur-
ing construction. In both evaluated deployment
settings, Transition Overlap improves the mea-
sured serving latency–quality trade-off over
training-free PIC baselines1.

*Corresponding author
1Code is available at https://github.com/boyoi/

Transition-Overlap

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable capabilities across diverse nat-
ural language processing tasks (Bai et al., 2023;
Zeng et al., 2025). As context lengths grow in
retrieval-augmented question answering (Yi et al.,
2025; Rim et al., 2025), multi-document summa-
rization (Belém et al., 2025), and long-context re-
trieval (Patel, 2025), LLMs face mounting chal-
lenges in inference latency. A prevalent opti-
mization is to reuse precomputed key-value (KV)
caches across different requests, avoiding redun-
dant encoding of repeated content. The most
widely adopted approach is prefix-based reuse (Yu
et al., 2025): when a new prompt shares an ex-
act prefix with a previous prompt, systems such as
CacheGen (Liu et al., 2024b), vLLM (Kwon et al.,
2023) and SGLang (Zheng et al., 2024) can directly
reuse the corresponding KV cache states. However,
this approach is limited to exact-prefix sharing. In
RAG (Lewis et al., 2020; Gao et al., 2024), con-
texts are often assembled from independently re-
trieved or pre-segmented text segments that do not
share a common prefix. These applications require
Position-Independent Caching (PIC) strategies
that can handle separate, independently encoded
contexts.

Existing PIC methods either fine-tune models
to tolerate independently constructed caches (Ma
et al., 2025; Lu et al., 2025; Yang et al., 2025) or
repair reused caches at inference time. The for-
mer requires model adaptation and is costly to de-
ploy. The latter, which we call concatenate-then-
recompute, first splices cached KV states from dif-
ferent segments and then recomputes selected to-
kens to restore cross-context dependencies. Prior
work often treats attention sinks as the dominant
factor. For example, EPIC (Hu et al., 2025) signifi-
cantly improves over CacheBlend (Yao et al., 2025)
by replacing carefully designed token selection

32366

https://github.com/boyoi/Transition-Overlap
https://github.com/boyoi/Transition-Overlap


2 4 8 16
k: prefix length for coverage; EPIC-k for task comparison

60

70

80

90

100
Pe

rc
en

t (
%

)
100% baseline

k=16

75%
73%

65% 64%

99.5% coverage

Prefix is almost fully covered,
but task quality remains much lower

CacheBlend-15 prefix coverage
CacheBlend-15 F1 / EPIC-k F1

Figure 1: Coverage–quality mismatch in PIC reuse.
On MuSiQue, CacheBlend-15, with a 15% recomputa-
tion budget, covers 99.5% of the boundary-prefix tokens
recomputed by EPIC-16 (blue curve), yet reaches only
64% of EPIC-16 F1 (red curve). This mismatch sug-
gests that PIC reuse errors cannot be fully attributed to
attention-sink effects.

with naive boundary-token selection. As shown
in Fig. 1, a counterintuitive finding on MuSiQue
suggests that this token-selection view is incom-
plete: CacheBlend-15 covers nearly all EPIC-16
boundary-prefix tokens but still performs much
worse.

To investigate the sources of PIC reuse error, we
decompose it into two components: a geometric
error G and a dynamic error D. We find that RoPE
position alignment can remove G when the source
and target RoPE coordinates are known, while D
persists because cached states may be constructed
under different local contexts. To characterize this
residual context-dependent mismatch, we introduce
the smoothness gap as a local diagnostic of D. By
exposing local transition inconsistency, this anal-
ysis helps explain why scattered inference-time
recomputation can be fragile: it may restore some
cross-context dependencies but also introduce new
discontinuities between recomputed and cached
states.

Motivated by this analysis, we propose Tran-
sition Overlap, a training-free cache-construction
protocol that prepends a short temporary overlap to
approximate full-context boundary transitions. Un-
like inference-time recomputation methods, Transi-
tion Overlap builds more reusable segment caches
during construction rather than repairing them after
cache assembly. The temporary overlap is used
only during the construction forward pass, so the
stored cache length and the served prompt remain
unchanged. We instantiate this protocol under two
deployment regimes: Self-Segment Overlap (SSO)
for query-independent offline caches, and Cross-
Segment Overlap (CSO) for predecessor-aware

construction, including online-parallel serving and
fixed source-adjacent caching. In summary, the
main contributions of this paper are as follows:

• We analyze PIC reuse by decomposing reuse
error into geometric (G) and dynamic (D)
components, thereby separating RoPE coordi-
nate mismatch from context-dependent rep-
resentation mismatch. To diagnose D af-
ter RoPE position alignment, we introduce
the smoothness gap as a local-consistency
diagnostic, showing that recomputing non-
contiguous selected tokens can introduce tran-
sition discontinuities between recomputed and
cached states.

• We propose Transition Overlap, a training-
free construction-time protocol that condi-
tions each segment on a short temporary over-
lap, and stores only the original segment KV.
We instantiate it in two deployment regimes:
SSO for query-independent offline caching,
and CSO for online-parallel or fixed-adjacent
construction where the predecessor is known.

• Across five RAG serving benchmarks, our
method improves the speed–quality trade-off,
and our diagnostics show that meaningful
transition content is associated with lower
key/value dynamic errors and smaller smooth-
ness gaps.

2 Related Work

Position-Independent Caching. PIC is impor-
tant for optimizing RAG (Lewis et al., 2020; Gao
et al., 2024). Existing methods can be broadly
divided into model-adaptation and training-free
cache-reuse approaches. The former, including
KVLink (Yang et al., 2025), TurboRAG (Lu et al.,
2025), Block-Attention (Ma et al., 2025), and KV-
Packet (Chen et al., 2026), requires fine-tuning or
architectural modifications to enforce cache com-
patibility. The latter reuses independently con-
structed segment caches without modifying the
model (Wang et al., 2025; Zhao et al., 2026; Yang
et al., 2026). CacheBlend (Yao et al., 2025),
EPIC (Hu et al., 2025) and ProphetKV (Wang
et al., 2026b) follow a concatenate-then-recompute
paradigm: they splice pre-cached segments and
recompute selected tokens after cache assembly.
FusionRAG (Wang et al., 2026a) improves this line
by shifting part of the repair cost offline through
similarity-guided cache construction, but it still
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relies on query-time recomputation of selected to-
kens. Our method instead shifts cache compati-
bility to construction time. The G+D decompo-
sition separates RoPE coordinate mismatch from
dynamic representation mismatch; accordingly,
SSO/CSO condition segment caches before assem-
bly, enabling direct reuse without post-assembly
recomputation.
Cross-Segment KV Cache Coherence and Con-
text Overlap. Cross-segment coherence concerns
whether KV states remain consistent when inde-
pendently constructed segment caches are con-
catenated. Boundary discontinuities can degrade
generation quality (Cai et al., 2025; Zhang et al.,
2023). Related non-PIC methods address con-
tinuity either by preserving attention sinks, e.g.,
StreamingLLM (Xiao et al., 2024), or by adding
input-level overlap in long-document processing
and RAG chunking (Dai et al., 2019; Gao et al.,
2024; Chen et al., 2024; Liu et al., 2024a). These
mechanisms keep extra tokens in the served se-
quence or persistent memory. Transition Over-
lap instead uses extra tokens only as a temporary
construction buffer, discarding their KV states af-
ter the forward pass so the served prompt and
reusable cache length remain unchanged. The clos-
est construction-time baseline is EPIC-0, the zero-
recomputation variant of EPIC, which also uses a
discardable prefix but fills it with dummy tokens to
absorb segment-start attention sinks. Instead, Tran-
sition Overlap introduces a short temporary overlap
with meaningful self-prefix or predecessor-suffix
tokens, allowing segment states to be conditioned
before concatenation and better approximate full-
context boundary transitions.

3 Problem Setup and Preliminaries

Problem formulation. We consider a reusable
segment B inside an assembled context. It can be
encoded either in isolation, producing cached states
K(l),iso, V (l),iso, or in the full context, producing
K(l),dir, V (l),dir. Reusing isolated caches is chal-
lenging because the two computation paths may
differ in both RoPE coordinates and contextual
representations. We distinguish raw and aligned
reuse errors. For any layer-wise quantity z, the
raw error is ∆z

(l),raw
i := z

(l),dir
i − z

(l),iso
i . When a

cached key is explicitly RoPE-aligned before reuse,
we denote the resulting key error as ∆K

(l),align
i :=

K
(l),dir
i − ˆ︁K(l)

i . Sec. 4 uses this notation to separate
coordinate-induced error from representation mis-

match, and motivates cache-construction transfor-
mations that reduce the latter without recomputing
cached tokens after prompt assembly. For notation,
let global token i be the j-th token of segment r,
written i = (r, j). Its target full-context coordi-
nate is g(i), or gr(j) in segment-local form, and its
construction-time source coordinate is sr(j). For
notational simplicity, we use the superscript “iso”
to denote the cached construction path. For plain
reuse this is isolated segment encoding, and for
Transition Overlap it denotes the sliced original
token states after augmented overlap construction.
Rotary Position Embedding. Let h(l)i denote the
hidden state at layer l. We write the pre-RoPE
key and value projections as k̃

(l)
i = W

(l)
K h

(l−1)
i

and ṽ
(l)
i = W

(l)
V h

(l−1)
i . RoPE applies an orthog-

onal rotation to keys, K
(l)
i = Rθ(pos(i),αl)k̃

(l)
i ,

where pos(i) is the coordinate used during con-
struction or reuse. In direct full-context compu-
tation, pos(i) = g(i); in isolated construction it
is the local segment index. If an overlap buffer
Or is prepended to segment r, the j-th original
token of the segment is constructed at source co-
ordinate sr(j) = |Or| + j. At reuse time, RoPE
alignment maps this source coordinate sr(j) to the
target global coordinate g(i) = gr(j) for the cor-
responding global token i = (r, j). We give the
frequency-wise RoPE bound and parameter checks
in App. B.

4 Error Analysis: Why Cache
Construction Matters

This section analyzes why cache construction mat-
ters for training-free PIC reuse. We separate RoPE
coordinate mismatch from context-dependent rep-
resentation mismatch, then use the smoothness gap
to motivate Transition Overlap for approximating
full-context boundary transitions.

4.1 Separating Geometric Error from
Dynamic Error

We fix a layer l and token i ∈ B. The direct full-
context key is K(l),dir

i = Rθ(g(i),αdir
l )

˜︁k(l),diri . After
a possible RoPE alignment transform, the reused
key can be written as

ˆ︁K(l)
i = Rθ(ˆ︁g(i),ᾱl)

˜︁k(l),isoi , (1)

where ˆ︁g(i) and ᾱl are the RoPE position and scale
used by the alignment step. 2 We define the key

2Naive concatenation leaves cached keys at their construc-
tion coordinates, j or sr(j). RoPE alignment maps them

32368



reuse error after an optional coordinate transform as
∆K

(l),align
i := K

(l),dir
i − ˆ︁K(l)

i . For readability, we
write it as ∆K

(l)
i within this section. Substituting

the RoPE forms and factoring out the direct full-
context rotation yields

∆K
(l)
i = Rθ(g(i),αdir

l )

(︂
˜︁k(l),diri − U

(l)
i
˜︁k(l),isoi

)︂

= Rθ(g(i),αdir
l )

(︂
(I − U

(l)
i )˜︁k(l),isoi⏞ ⏟⏟ ⏞

geometric error G

+(˜︁k(l),diri − ˜︁k(l),isoi )⏞ ⏟⏟ ⏞
dynamic error D

)︂
, (2)

where U
(l)
i := R⊤

θ(g(i),αdir
l )

Rθ(ˆ︁g(i),ᾱl) is the rela-
tive coordinate transform induced by reuse. We
denote G

(l)
i := (I − U

(l)
i )˜︁k(l),isoi and D

(l)
i :=

˜︁k(l),diri − ˜︁k(l),isoi . The geometric error G is induced
by RoPE coordinate mismatch, whereas D denotes
the context dependent or path dependent represen-
tation residual before RoPE that remains after co-
ordinate effects are separated. Transition Overlap
primarily targets the boundary related component
of D, but D should not be interpreted as boundary
error only. In deeper layers, it may also reflect
upstream effects and prompt order effects from
prefix mismatch. Since RoPE rotations are orthog-
onal, left-multiplication by Rθ(g(i),αdir

l ) preserves
Euclidean norms. Thus, Eq. (2) separates RoPE
coordinate mismatch from pre-RoPE representa-
tion mismatch. Values do not typically undergo
RoPE rotation at the current projection, so their
reuse error is treated as dynamic and is given by
∆V

(l)
i = ˜︁v(l),diri − ˜︁v(l),isoi .

4.2 Geometric Error Is a Coordinate Problem

The decomposition above makes the role of RoPE
alignment explicit. The operator U

(l)
i is fully

determined by the coordinate alignment. If the
reused key is placed at the same RoPE position
and scale as in direct full-context computation,
then ˆ︁g(i) = g(i) and ᾱl = αdir

l , which gives
U

(l)
i = I and hence G

(l)
i = 0. When U

(l)
i ̸= I ,

the magnitude of G(l)
i also depends on the cached

pre-RoPE key ˜︁k(l),isoi . The frequency-wise RoPE
bound and parameter checks are provided in App. B
and App. G. App. C shows that the two common
RoPE alignment implementations are equivalent
when they use the same source and target coordi-
nates.

to ˆ︁g(i) = g(i) and ᾱl = αdir
l without changing pre-RoPE

representations.

4.3 Smoothness Gap Exposes a Cost of
Inference-Time Repair

After position alignment, we continue to denote
post-RoPE key states by K. Let K̄(l),M

i denote the
final aligned key state used by method M at token
i. Let K(l),dir

i be the direct full-context key state,
and define E(l),M

i = ∥K̄(l),M
i −K

(l),dir
i ∥2. For two

consecutive tokens i and i+ 1, the reverse triangle
inequality gives

E(l),M
i + E(l),M

i+1 ≥
⃦⃦
⃦
(︂
k̄
(l),M
i − k̄

(l),M
i+1

)︂
−
(︂
k
(l),dir
i − k

(l),dir
i+1

)︂⃦⃦
⃦
2

≥

⃓⃓
⃓⃓
⃓⃓
⃓⃓

⃦⃦
⃦k̄(l),M

i − k̄
(l),M
i+1

⃦⃦
⃦
2⏞ ⏟⏟ ⏞

Assembled Step

−
⃦⃦
⃦k(l),dir

i − k
(l),dir
i+1

⃦⃦
⃦
2⏞ ⏟⏟ ⏞

Full-Context Step

⃓⃓
⃓⃓
⃓⃓
⃓⃓
.

(3)

We define the final length discrepancy in Eq. (3)
as the Smoothness Gap Γ

(l),M
i . Unlike the preced-

ing vector transition error, Γ(l),M
i retains only the

mismatch between the assembled and full-context
transition lengths. It is therefore a conservative
scalar proxy, since small adjacent reconstruction er-
rors imply a small Γ, but the converse does not nec-
essarily hold. Eq. (3) thus gives a necessary local
consistency condition, where neighboring reused
states cannot both be close to the direct path unless
their transition length is also close.

This constraint exposes a limitation of inference-
time recomputation. Recomputed tokens may re-
duce pointwise error but create mixed-path tran-
sitions with cached states, increasing local gaps.
Thus, after RoPE alignment, cache construction
should reduce the boundary-related part of D and
make neighboring stored states closer to direct full-
context transitions. Section 5 implements this idea
with Transition Overlap.

5 Method

We propose Transition Overlap, a training-free
cache-construction method for reducing dynamic
error in PIC reuse.

5.1 Overview and Design Rationale

As summarized in Fig. 2, Transition Overlap avoids
post-assembly recomputation by conditioning seg-
ment caches during construction. Concatenate-
then-recompute methods repair cache mismatch af-
ter assembly, which increases decoding TTFT and
may introduce discontinuities between recomputed
and cached states. Transition Overlap prepends a
short temporary buffer, runs a single forward pass,
discards the buffer KV states, and stores only the
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1 Problem: PIC lowers prefill cost, but naive KV reuse introduces errors. Existing Paradigms: Concatenate-Then-Recompute (Inference-Time)2

3 Our Method: Construction-Time Transition Overlap

CSO : Cross-Segment Overlap 
Stable source adjacency

Use suffix(�0, n) as transition context 

for �1.

SSO : Self-Segment Overlap
Topic-close retrieval; same-segment prefix

Use self-prefix(�1, n) as local 

semantic context for �1.

⊕

⊕

...�1,1 �1,2 �1,�1

Segment 1 (original)

...�1,1 �1,2 �1,�1

Store KV 1
(only original tokens)

��,� : token t in segment �� n : overlap size ⊕ : input concatenation  : discard overlap KV before storing: recomputed token 

...�1,1 �1,2 �1,�1

Store KV 1
(only original tokens)Segment 1 (original)

...�1,1 �1,2 �1,�2

KV 0

KV 1 KV 2 KV 3 QueryKV 0Full Reuse No recompute

Recompute
selected tokensQueryKV 1 KV 2 KV 3KV 0CacheBlend

Recompute
boundary tokensEPIC KV 1 KV 2 KV 3 QueryKV 0

Recompute
all tokens

Full 
Compute QueryKV 1 KV 2 KV 3KV 0

Discard overlap KV
(buffer states)

Discard overlap KV
(buffer states)

LLM forward
(overlap +
segment)

LLM forward
(overlap +
segment)

LLM forward

Reduced Smoothness Gap

Reduced Smoothness Gap

LLM forward
(Positions 1, ... , �0+�1+�2+�3) 

KV 0

Segment 2
(isolated)

KV 2

Segment 3
(isolated)

KV 3

Segment 1
(isolated)

�1,1 ...

LLM
(Positions 1...�1)

KV 1

�1,2 �1,�1 �2,1 ...�2,2 �2,�2 �3,1 ...�3,2 �3,�3

LLM
(Positions 1...�2)

LLM
(Positions 1...�3)

Full Reuse: Parallel Isolated segment Encoding Full Compute: Direct Full-Prompt Prefill

Segment3Segment2Segment1Prefix

G: Geometric Error
RoPE coordinate mismatch

D: Dynamic Error
path-dependent representation 
mismatch

Error Decomposition

Smoothness Gap
Local smoothness mismatch: isolated vs. direct.

Larger Gap ⇒ larger lower bound on local pairwise reconstruction error.
Inside segments: small gaps; scattered recompute creates new jumps.
�� : key/value state of token i; iso/dir : isolated/direct encoding.

Standard key-position alignment handles G;
we focus on dynamic error D.

�0,�0−� �0,�0...

Suffix (�0, n)
(from previous segment)

�1,1 �1,�...

Self-prefix(�1,n)
(from current segment)

Parallel cache construction

Segment 1

KV 1

Segment 2 Segment 3

KV 2 KV 3

Better Efficiency 
Move repair from online recompute
to offline cache construction.

LLM forward
(overlap+
segment)

LLM forward
(overlap+
segment)

LLM forward
(overlap+
segment)

KV 0 Query

No cached-token recomputation

Figure 2: Construction-time Transition Overlap for position-independent KV cache reuse. Instead of repairing
assembled caches by online recomputation, Transition Overlap prepends a short temporary buffer during cache
construction and discards the buffer KV states before storage. CSO uses the suffix of the previous segment when the
construction predecessor is known, whereas SSO uses the current segment prefix as a query-independent fallback.
Only the original-token KV states are reused at decoding time.

KV states of the original segment tokens. Since
the buffer affects only the construction path and
is removed before reuse, neither the stored cache
length nor the served prompt changes. This shifts
repair work from serial online recomputation to a
construction stage that can be precomputed in of-
fline stored cache settings or parallelized in online
parallel settings. We therefore report both decoding
TTFT and sample wall time including construction
overhead in Sec. 6.2.

5.2 Transition Overlap

Motivated by the necessary local consistency con-
dition in Sec. 4.3, we now formalize Transition
Overlap. For each current segment B̂r, we prepend
a temporary overlap buffer Or of length Nsb during
cache construction. The augmented input is used
only for the construction forward pass, and only
the KV states of the original segment tokens are
retained.

Or =

{︄
suffixNsb

(B̂r−1), CSO,

prefixNsb
(B̂r), SSO.

(4)

We then construct and store the cache as follows:

B̃r = Or ⊕ B̂r,

{(K(l)

B̃r
, V

(l)

B̃r
)}Ll=1 = ForwardKV(B̃r),

{(K̄(l)
r , V̄ (l)

r )}Ll=1 = SliceB̂r

(︂
{(K(l)

B̃r
, V

(l)

B̃r
)}Ll=1

)︂
.

(5)

Under this RoPE coordinate convention, if the to-
ken at position j in B̂r is encoded in B̃r = Or⊕B̂r,
its source coordinate is sr(j) = |Or|+ j. At query
time, key alignment maps sr(j) to the target coor-
dinate gr(j) = g(i) for token i = (r, j). Here, ⊕
denotes token concatenation, and SliceB̂r

retains
only the positions of the original segment tokens.
The discarded overlap can still influence their hid-
den states during construction. Fig. 3 summarizes
the two deployment regimes that determine the
choice of overlap in Eq. (4).
Cross-Segment Overlap (CSO). CSO uses the
suffix of a known construction predecessor as the
temporary transition context. In Eq. (4), B̂r−1 is
the predecessor under the construction order. It is
the previous retrieved segment in online parallel
RAG, or the previous source-adjacent chunk under
fixed source offline caching. Thus, CSO is used
only when this predecessor is known at construc-
tion time. It is not a strict offline one-cache-per-
segment method for arbitrary retrieval orders, since
a segment may have different query-time predeces-
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Step 1:
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Step 2:
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Step 3:
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Decoding

(a) Offline: trade storage for time 

Segment 1 Segment 2 Segment N
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All Segments
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All Segments
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(Offline Batch)

QuerySelected KV Blocks

Disk/SSD
KV Store
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Query Selected KV Blocks

Load selected KV blocks
based on retrieval results

Key idea: trade storage space for inference time

+

Decoder Inference

Step 1:
Online Context
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(Previous segment=

query-time adjacency)

Step 2:
Parallel KV
Computation

Step 3:
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Decoding

KV Compute
(Parallel)

KV Compute
(Parallel)

KV Compute
(Parallel)
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Decoder Inference
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Segment 1
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Segment 2
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Segment 3

Query + retrieved segments

Retrieved
Segment 3

Retrieved
Segment 2

Retrieved
Segment 1

+ Query

Concatenated
KV Cache

Key idea:  use compute resources to save inference time

Query

Figure 3: Deployment modes for Transition Overlap.
In offline stored cache reuse, reusable source segments
are precomputed before queries. SSO provides one
query-independent cache per segment, while CSO is
directly reusable only under fixed source adjacency. In
online parallel construction, the retrieved order is known
before KV construction, so CSO can use the actual
previous segment before KV blocks are concatenated
for decoding.

sors across requests. For the first retrieved segment,
CSO uses the last Nsb tokens of the prompt or
instruction prefix and does not fall back to SSO.
Self-Segment Overlap (SSO). SSO uses the cur-
rent segment prefix as a query-independent fall-
back. It constructs one-cache-per-segment and is
the default choice for offline stored cache reuse,
where the query-time predecessor is generally un-
known during construction. Therefore, SSO de-
notes the strict offline one-cache-per-segment vari-
ant, while CSO denotes the predecessor known
variant for online parallel construction or fixed
source-adjacent caching. App. J discusses bound-
ary fragile SSO cases.

6 Experiments

We evaluate four questions: whether Transition
Overlap improves quality–efficiency trade-offs
(RQ1), whether it reduces key/value reuse error
(RQ2), whether it reduces smoothness gaps (RQ3),
and whether its benefit depends on meaningful over-
lap content rather than dummy padding (RQ4).

6.1 Experimental Setup

We follow the PIC protocol of EPIC (Hu et al.,
2025) and use the same retrieved segments and or-
der for all methods. To avoid mixing assumptions,
we distinguish offline one-cache-per-segment
evaluation, where SSO is applicable, from online-
parallel construction, where the retrieved order is
known before segment-KV construction and CSO
is applicable. Recomputation baselines use the
same assembled order but repair it after cache as-

sembly; our CSO repairs during a parallelizable
construction stage. Details are in App. A.

We evaluate 200 instances each from
2WikiMQA, MuSiQue, HotpotQA, Needle-
in-a-Haystack, and SAMSum (Ho et al., 2020;
Trivedi et al., 2022; Yang et al., 2018; Gliwa
et al., 2019). We report F1 for QA/retrieval tasks
and ROUGE-L for summarization. Question
tokens are computed online and are not part of
reusable context caches. Efficiency is reported as
decoding-stage TTFT after reusable caches are
available and, when construction or recomputation
is part of serving, sample wall-time after retrieval.
Retrieval time and standard prefix caching are
excluded. We use Qwen3-4B (QwenTeam, 2025),
Mistral-7B-Instruct (Jiang et al., 2023), and
Llama3.1-70B-Instruct (Grattafiori et al., 2024),
comparing Full Reuse, Full Compute, CacheBlend-
ηcb, EPIC-brec, ProphetKV, SSO, and CSO. Unless
otherwise specified, we use Nsb = 16 and perform
no online recomputation of cached tokens. We
choose 16 as a low-overhead default matched to
EPIC-16, not as a universal optimum; matched
SSO/CSO sweeps show no consistently best
window (App. H.2). All efficiency comparisons
are evaluated under identical configurations with
single concurrency. This ensures the reported
latency reflects pure method-level computation
rather than multi-request scheduling effects.

6.2 RQ1: Deployment-Aware Performance
Comparison

In the strict offline setting, Full Reuse, EPIC,
CacheBlend, ProphetKV, and SSO are compared
after reusable caches are available; the primary
metric is decoding-stage TTFT, which excludes
construction but includes any post-assembly re-
computation. If source adjacency is fixed, CSO
can also be precomputed for that fixed predeces-
sor. In online-parallel construction, Full Compute,
recomputation baselines, and CSO are compared
by sample wall-time, which includes construction
or recomputation overhead; construction work is
reported separately when extra workers are used.

In the offline one-cache-per-segment setting,
only SSO is interpreted as the strict offline Transi-
tion Overlap variant. Fig. 4 shows that SSO keeps
the decoding path close to Full Reuse while im-
proving quality over naive reuse. On Mistral-7B-
Instruct, averaged over five datasets, SSO scores
only 1.7% and 0.9% below EPIC-64 and EPIC-32,
respectively, while eliminating online recomputa-
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Figure 4: Accuracy–decoding TTFT trade-off. Each point shows the mean decoding stage TTFT and task score
for one method configuration on a dataset and model pair. Scores are F1 for QA and retrieval tasks and ROUGE-L
for SAMSum. SSO denotes strict offline one-cache-per-segment reuse, whereas Ours (CSO) assumes a known
predecessor and reports construction costs separately in the wall-time analysis. The upper-left region is better within
the same deployment setting.

tion and reducing TTFT by 65.2% and 53.1%. We
do not use CSO to claim an offline stored-cache
advantage for arbitrary retrieval orders. Tab. 1 re-
ports sample wall-time including CSO construction
and baseline recomputation. Across two models
and five tasks, paired case-bootstrap tests detect
no significant quality degradation versus EPIC or
CacheBlend. Five fresh-process repeats with hier-
archical paired-bootstrap intervals show significant
wall-time speedups in 9/10 settings against each
baseline (1.01× to 1.62× over EPIC and 1.04× to

1.62× over CacheBlend, App. H.1). App. H further
decomposes construction, TTFT, and decode tail,
so lower wall-clock latency with multiple workers
is not conflated with lower total compute.

6.3 RQ2: Ablation Study

Fig. 5 separates coordinate and construction ef-
fects on Mistral-7B-Instruct. Position alignment
greatly reduces key error but leaves value error
mostly unchanged because values are not directly
RoPE-rotated. CSO without alignment reduces
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Method Hyperparameter HotpotQA MuSiQue 2WikiMQA

F1↑ Sample Wall-time ↓ F1↑ Sample Wall-time ↓ F1↑ Sample Wall-time ↓
CacheBlend 15 0.236 0.566 0.101 0.656 0.161 0.483
EPIC 16 0.313 0.509 0.158 0.615 0.183 0.471

Ours (CSO)

16 0.317 0.477 0.156 0.557 0.215 0.465
32 0.312 0.473 0.163 0.568 0.198 0.457
64 0.293 0.490 0.149 0.599 0.173 0.458
128 0.291 0.486 0.153 0.577 0.190 0.468
256 0.296 0.498 0.157 0.575 0.184 0.470
512 0.297 0.506 0.166 0.593 0.189 0.494
1024 0.309 0.518 0.180 0.583 0.171 0.494

Table 1: Online parallel efficiency. We report average
F1 scores and sample wall times across datasets. The
hyperparameter column specifies 15 for CacheBlend, 16
for EPIC, and the overlap window Nsb for Ours (CSO).
Best results appear in bold.
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Figure 5: Layer-wise reuse error ablation. Heatmaps
show L2 key and value reuse errors across cached blocks
and the query. RoPE alignment mainly reduces key er-
ror, while Ours (CSO) further lowers key and value er-
rors near boundaries, reducing dynamic error and bound-
ary spikes.

value-side boundary spikes but leaves high key
error from unresolved coordinate mismatch. Af-
ter alignment, CSO further reduces key/value dy-
namic error near boundaries, showing that over-
lap reduces boundary-related path-dependent mis-
match. App. F demonstrates our method mitigates
attention sink artifacts. However, reducing atten-
tion sinks is insufficient, as the smoothness gap
provides a useful local diagnostic for remaining
transition inconsistency. App. D gives a broader
error-decomposition diagnostic, and App. E pro-
vides multi-example ablation samples.
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Figure 6: Segment level consistency analysis. Bars
show aligned key L2 distance and red lines show key
smoothness gap across token positions. CacheBlend
and EPIC show larger spikes near recomputed tokens,
while Transition Overlap reduces these gaps.

6.4 RQ3: Smoothness Gap Reduction

Fig. 6 uses the smoothness gap as a diagnostic met-
ric rather than a complete causal explanation for
task accuracy. According to Eq. (3), two neigh-
boring reused states cannot both remain close to
the direct path if their transition length differs
significantly from the direct transition. Conse-
quently, recomputation-based methods often cre-
ate local spikes around recomputed tokens and re-
veal mixed-path discontinuities. Transition Overlap
completely avoids post-assembly recomputation
and yields lower mean gaps. Notably, CSO reduces
the Block 3 mean gap to 1.91 while maintaining
stable curves. Beyond the segment-level analysis
above, we further examine whether the smooth-
ness gap also tracks local reconstruction difficulty
at dataset scale. On MuSiQue, we compute Γiso

i

and compare it with four local aligned-state error
summaries. As shown in Fig. 7, larger gaps sig-
nificantly correlate with larger local errors across
all evaluated metrics (ρ̂ ∈ [0.69, 0.75], p < 10−7).
After within-example aggregation over 200 exam-
ples, the correlations remain strong (Tab. ??), and
a matched-budget MuSiQue replication shows the
same trend (App. I).

6.5 RQ4: Prefix-Content Control

To determine if Transition Overlap is merely tem-
porary padding, we fix the prefix length (bpref = 4),
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Figure 7: Smoothness gap correlates with local key
error. Pearson correlations between Γ

(l)
i and four local

aligned-key error summaries across layers. The signifi-
cant positive correlations (ρ̂ > 0.69, p < 10−7) indicate
that larger smoothness gaps consistently track harder
local cache transitions, supporting Γ as a practical diag-
nostic signal for cache construction.

insertion position, and trimming rule while varying
only the prefix content. Fig. 8 demonstrates that
random tokens outperform a content-free dummy
prefix, while SSO yields further improvements.

Furthermore, App. I verifies the same-budget
correlation between lower proxy discrepancies and
higher end-to-end F1 on HotpotQA. These findings
reinforce our earlier token-accounting distinction.
Unlike standard kept overlap methods that retain
duplicated tokens in the served context, Transition
Overlap strictly discards all overlap KV states prior
to reuse.

7 Conclusion

This paper investigates PIC for RAG serving. We
decompose reuse error into RoPE coordinate and
path dependent components, using the smooth-
ness gap to diagnose local consistency between
neighboring reused states. Our Transition Over-
lap protocol improves cache construction directly
and avoids serially repairing cached tokens after
assembly. We introduce SSO for strict offline in-
dependent segment caching and CSO for settings
with known predecessors via fixed source adja-
cency or online parallel construction. Crucially, nei-
ther variant retains overlap KV states in the served
prompt. Experiments show improved measured la-
tency–quality trade-offs under the corresponding
deployment assumptions, while construction cost,
decoding TTFT, and sample wall-time are reported
separately.
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Under Fixed Budget and Position, Random Tokens Still Underperform SSO
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EPIC-0 -> Random Token: -18.3% L2, -15.5% Gap
Random Token -> SSO: -2.4% L2, -22.2% Gap
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Metrics averaged over layers {0, 9, 15, 31}

Figure 8: Prefix content control with fixed budget
and position. All variants use the same prefix budget
bpref = 4 and insertion position, changing only prefix
content. Metrics average aligned key L2 distance and
smoothness gap over the first 32 tokens and layers ℓ ∈
{0, 9, 15, 31}. Lower is better. SSO and CSO improve
over dummy and random prefixes.

8 Limitations

Transition Overlap reduces boundary-related repre-
sentation mismatch but does not remove all context-
dependence in reusable KV states. CSO is not an
offline one-cache-per-segment method for arbitrary
retrieval orders unless the predecessor is fixed; oth-
erwise storing predecessor-specific caches is im-
practical. SSO is deployable in strict offline reuse,
but may be weaker on boundary-fragile segments
whose first tokens are numbers, entities, or short
spans affected by repeated self-prefixes. Although
the overlap is discarded and never served, it can
still affect stored KV states. Our diagnostics rely
on direct full-context references and are intended
for analysis, not online deployment. Broader eval-
uation over retrievers, chunking policies, delim-
iters, hardware stacks, and production workloads
remains future work.
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A Detailed Experimental Setup

A.1 Evaluation Protocol for
Position-Independent Caching (PIC)

We evaluate PIC methods under a deployment-
aware protocol that mirrors two common RAG
serving modes:
Offline stored-cache mode. The system precom-
putes and stores one KV cache per reusable seg-
ment before any query. A segment may have differ-
ent query-time predecessors across requests, so this
mode cannot in general use an arbitrary query-time
predecessor during cache construction. Therefore,
SSO is the strict one-cache-per-segment Transition
Overlap variant. CSO is directly reusable offline
only when the predecessor is fixed by source adja-
cency, such as fixed intra-document chunking.
Online-parallel construction mode. Given a
query, the system retrieves an ordered list of seg-
ments {B̂1, . . . , B̂k} and constructs the selected
segment caches in parallel before decoding. This
mode trades additional construction work for lower
online wall-clock latency. In this mode, CSO
uses the immediately previous segment in the
query-time assembled order, because that order is
known at construction time. We therefore evalu-
ate online-parallel CSO with sample wall-time and
construction-work accounting rather than treating
its construction stage as free.
Transition Overlap construction. For our method,
Transition Overlap is applied only during cache
construction: we prepend an overlap buffer, run
a single forward pass, and then discard overlap
KV states before storage or assembly (Sec. 5.2).
All reuse methods are evaluated on the same re-
trieved segments and the same concatenation or-
der; the only difference is how KV caches are
aligned/transformed and whether any tokens are
recomputed after assembly.

A.2 Datasets and Preprocessing

RAG serving benchmarks. We follow the evalua-
tion protocol of EPIC (Hu et al., 2025) and report
results on five representative tasks (200 instances
each): (i) Multi-document QA: 2WikiMQA (Ho
et al., 2020), MuSiQue (Trivedi et al., 2022), Hot-
potQA (Yang et al., 2018); (ii) Long-context re-
trieval: Needle-in-a-Haystack; (iii) Instruction-
following summarization: SAMSum (Gliwa et al.,
2019). For multi-document QA, each provided
document is treated as an immutable segment. For
Needle and SAMSum, we split the immutable con-

Dataset Task Chars Tokens #Seg

2WikiMQA MD-QA 29.6K 4.9K 9.9
MuSiQue MD-QA 69.4K 11.2K 11.1
HotpotQA MD-QA 56.6K 9.1K 8.6
Needle Ret. 55.1K 9.2K 30.0
SAMSum Summ. 34.0K 6.1K –

Table 2: RAG evaluation dataset statistics.

texts into fixed 512-token chunks to enable modular
KV reuse. 3 We disable alternative caching mech-
anisms (e.g., standard prefix caching) to isolate
position-independent reuse effects.

A.3 Prompting and Context Assembly

We use a unified prompt template across reuse
methods to ensure comparability. For QA/retrieval
tasks, the prompt order is: (1) a short instruction,
(2) concatenated retrieved segments separated by
a fixed delimiter, and (3) the question. This order
is important for PIC: reusable context-segment KV
states are not conditioned on query tokens, and
the question tokens are appended after the cached
context and computed online. For SAMSum, the
prompt contains: (1) an instruction (summarize
the conversation), and (2) the segmented conversa-
tion context. We use greedy decoding (temperature
= 0) to remove sampling variance and cap the
maximum generation length at 32 tokens for all
methods.

A.4 Models and Inference Configuration

We evaluate three instruction-tuned backbones:
Qwen3-4B, Mistral-7B-Instruct, Llama3.1-70B-
Instruct. All methods run with identical inference
settings (dtype, batch size, decoding strategy, and
maximum generation length). We run in batch size
1 for TTFT measurements to match interactive serv-
ing. Additional diagnostic experiments in Appen-
dices G and E use LLaMA-3.1-8B-Instruct and
Qwen-2.5-7B-Instruct, though these evaluations
remain separate from the main RQ1 benchmark
comparison.

A.5 Metrics and TTFT Measurement

Accuracy metrics. For QA and Needle, we report
token-level F1 computed on normalized answers,
following standard SQuAD-style evaluation. For
SAMSum, we report ROUGE-L.

3We keep the segmentation rule fixed across all methods so
that accuracy differences are attributable to cache reuse rather
than chunking.
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Serving metrics and cost accounting. We report
two latency metrics.

Decoding-stage TTFT is measured as wall-clock
time from the start of cache assembly/decoding to
the emission of the first decoded token, assuming
that reusable segment caches are already available.
For methods with stored segment caches, this in-
cludes KV cache loading/assembly, RoPE align-
ment, any recomputation required after assembly,
and the first decode step. This metric captures in-
teractive latency after cache availability.

Sample wall-time includes all LLM-side work
needed to serve one sample after retrieval: cache
construction if the method constructs query-
specific caches, KV alignment/assembly, online re-
computation if any, the first decode step, and the de-
code tail. For a construction stage parallelized over
p workers, we report the wall-clock construction
time and, when discussing resource use, the corre-
sponding construction work summed over workers.
Retrieval time is excluded because the retrieved
segments and retrieval pipeline are identical across
methods. We average all latency metrics over the
200 instances per dataset. Each latency configura-
tion is measured in five fresh-process repeats. In
each repeat, vLLM initialization and model warm-
up are completed before timing, after which all
200 evaluation instances are timed. No additional
request-level warm-up instances are excluded.

A.6 Implementation Details and Baselines
Serving stack. We implement all RAG-serving
methods in vLLM v0.10.2 (Kwon et al., 2023) by
porting the official EPIC codebase.4 All methods
share the same cache format and attention kernel
to ensure fair TTFT comparison.
Baselines. We evaluate the following baseline con-
figurations:

• Full Reuse: Concatenate cached KV seg-
ments for decoding without recomputation.

• Full Compute: Recompute all KV states on-
line (full-context inference).

• CacheBlend-ηcb: Recompute tokens selected
by CacheBlend’s discrepancy score, with
ηcb ∈ {1%, 5%, 10%, 15%, 20%, 25%}.

• EPIC-brec: Recompute the first brec tokens
at each segment boundary, with brec ∈
{0, 1, 2, 4, 8, 16, 32, 64}.

4https://github.com/DerekHJH/epic/

• ProphetKV: We implement ProphetKV our-
selves based on the algorithmic description
provided in the original ProphetKV paper.
Following the recomputation-ratio setting re-
ported in that paper, we use a 20% recompu-
tation ratio unless otherwise specified.

Our methods. We evaluate CSO and SSO
(Sec. 5.2). Unless otherwise specified, we use over-
lap length Nsb = 16 tokens in RAG and perform
no online recomputation of cached tokens.

Hardware. Unless otherwise noted, the reported
runs are executed on a single node with 2×
NVIDIA H100 80GB GPUs, 1× Intel Xeon Plat-
inum 8468 CPUs.

A.7 Additional Artifact and Reproducibility
Notes

Artifact licenses and intended use. We use pub-
licly released benchmark datasets, pretrained mod-
els, and open-source serving/evaluation software
under their original licenses and terms. Our use
is limited to non-commercial research evaluation.
We do not redistribute model weights or raw bench-
mark data. The KV caches produced in this work
are intermediate inference artifacts used only for
measuring latency and task quality.

Data privacy and content. We do not collect
new human-subject data. We use existing public
benchmark datasets and report only aggregate eval-
uation results. We reviewed the dataset documen-
tation and manually inspected examples shown in
the paper or supplementary material; examples con-
taining obvious personally identifying information
or offensive content are excluded or sanitized.

Compute budget and package settings. The
main experiments use Qwen3-4B, Mistral-7B-
Instruct, and Llama3.1-70B-Instruct on a sin-
gle node with 2 NVIDIA H100 80GB GPUs
and one Intel Xeon Platinum 8468 CPU. The
total computational budget is approximately 12
H100 GPU-hours. We implement serving exper-
iments in vLLM v0.10.2, compute token-level
F1 with SQuAD-style answer normalization for
QA/retrieval tasks, and compute ROUGE-L F1
for SAMSum using the rouge package by pltrdy
(v1.0.1) with the default Rouge() configuration; for
multiple references, we report the highest score.
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Method Recomp. Budget Overlap Nsb

Full Reuse 0 0
Full Compute all tokens 0
EPIC-k k ∈

{0, 1, 2, 4, 8, 16, 32, 64}/boundary
0

CacheBlend-r r ∈ {1, 5, 10, 15, 20, 25}%
tokens

0

ProphetKV 20% query-driven tokens 0
Ours (SSO) 0 16
Ours (CSO) 0 16

Table 3: Key hyperparameters and budget settings for
PIC methods.

B Quantitative Error Bounds

This appendix gives the frequency-wise bound for
the geometric error G used in Sec. 4.2. The main
text uses only the resulting zero-error condition,
while the full derivation is kept here to avoid inter-
rupting the main argument. We use the convention
θm(p, α) = ωmp/α, where ωm = b−2m/dk . If
no RoPE scaling is used, α = 1. We keep the
subscript l only to allow implementation-specific
layer-wise scaling.
Componentwise key-error bound. From Eq. (2),
the key error at layer l and token i is

∆K
(l)
i = Rθ(g(i),αdir

l )

(︂
G

(l)
i +D

(l)
i

)︂
. (6)

Here
G

(l)
i := (I − U

(l)
i )˜︁k(l),isoi ,

D
(l)
i := ˜︁k(l),diri − ˜︁k(l),isoi .

(7)

Since RoPE rotations are orthogonal, they preserve
Euclidean norms. Applying the triangle inequality
gives

∥∆K
(l)
i ∥2 ≤ ∥G(l)

i ∥2 + ∥D(l)
i ∥2. (8)

Thus, the aligned key reuse error is bounded by the
geometric error G and the dynamic error D.
Exact form of the geometric term. RoPE acts
independently on dk/2 two-dimensional frequency
blocks. For compactness, write

˜︁k(l),isoi,m := ˜︁k(l),iso,(m)
i ∈ R2,

m = 0, . . . , dk/2− 1.
(9)

Then

˜︁k(l),isoi =
[︁˜︁k(l),isoi,0 , . . . ,˜︁k(l),isoi,dk/2−1

]︁
. (10)

Because U
(l)
i is the relative RoPE transform be-

tween the reuse coordinates and the direct full-

context coordinates, its m-th block is a two-
dimensional rotation by

δθi,m := θm(ˆ︁g(i), ᾱl)− θm(g(i), αdir
l )

= ωm

(︃ˆ︁g(i)
ᾱl

− g(i)

αdir
l

)︃
.

(11)

Here ˆ︁g(i) and ᾱl are the position and scale used by
the reuse transform, while g(i) and αdir

l are those
of direct full-context computation. Therefore,

∥G(l)
i ∥22 =

dk/2−1∑︂

m=0

⃦⃦
⃦(I −Rδθi,m)

˜︁k(l),isoi,m

⃦⃦
⃦
2

2

= 4

dk/2−1∑︂

m=0

sin2
(︃
δθi,m
2

)︃ ⃦⃦
⃦˜︁k(l),isoi,m

⃦⃦
⃦
2

2
.

(12)
The second equality follows from

(I −Rϕ)
⊤(I −Rϕ) = 4 sin2

(︃
ϕ

2

)︃
I2 (13)

for any two-dimensional rotation matrix Rϕ.
Using | sin(x)| ≤ |x|, we obtain the frequency-

wise upper bound

∥G(l)
i ∥2 ≤

⎛
⎝

dk/2−1∑︂

m=0

(δθi,m)2
⃦⃦
⃦˜︁k(l),isoi,m

⃦⃦
⃦
2

2

⎞
⎠

1/2

.

(14)
Combining Eq. (8) and Eq. (14) gives

∥∆K
(l)
i ∥2 ≤

⎛
⎝

dk/2−1∑︂

m=0

(δθi,m)2
⃦⃦
⃦˜︁k(l),isoi,m

⃦⃦
⃦
2

2

⎞
⎠

1/2

+ ∥D(l)
i ∥2.

(15)
Zero geometric-error condition. Eq. (14) shows
that G(l)

i = 0 whenever δθi,m = 0 for every fre-
quency band m. A simple sufficient way to ensure
this is to place the reused key at the same RoPE po-
sition and scale as direct full-context computation,
i.e.,

ˆ︁g(i) = g(i), ᾱl = αdir
l . (16)

Then U
(l)
i = I , so

G
(l)
i = (I − U

(l)
i )˜︁k(l),isoi

= (I − I)˜︁k(l),isoi = 0.
(17)

This removes the geometric error G, but the dy-
namic error D may still remain.
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Value states. For value states, RoPE is typically
not applied at the current projection, so their reuse
error has no direct geometric term. We treat value
reuse error as a value-side dynamic error, although
deeper-layer values may still reflect upstream posi-
tional effects through h(l−1).

∆V
(l)
i = ˜︁v(l),diri − ˜︁v(l),isoi . (18)

In this decomposition, value error is treated as
value-side dynamic error, although deeper-layer
values may still reflect upstream positional effects.

C Equivalence of Alignment
Implementation Strategies

This section shows that, for the same underlying
pre-RoPE key, two RoPE alignment implementa-
tions are equivalent: storing the pre-RoPE key and
applying the target RoPE, or storing the post-RoPE
key and applying a relative source-to-target rota-
tion. This equivalence concerns coordinates only;
it does not turn an isolated representation into the
direct full-context representation.

We consider two distinct storage strategies com-
mon in inference systems:

• Strategy 1 (Pre-Encoding Cache): The sys-
tem stores the raw projection ˜︁k(l)i . During
reuse, the target positional encoding P(l)

tgt is
applied directly.

• Strategy 2 (Post-Encoding Cache): The
system stores the encoded key K

(l),cache
i =

P(l)
src (˜︁k(l)i ) computed during the initial prefill.

During reuse, alignment is performed by ef-
fectively removing the source encoding and
applying the target encoding.

Lemma 1 (Invariance of Alignment Strategies).
Let P(l)

src and P(l)
tgt denote the positional operators

for the source (cached) and target (reuse) contexts,
respectively. Assuming P(l)

src is a bijective mapping
(a property held by RoPE as an orthogonal ro-
tation), Strategy 1 and Strategy 2 yield identical
aligned representations.

Proof. Let ˜︁k(l)i be the underlying content represen-
tation.
Under Strategy 1, the aligned key is defined di-
rectly as:

K
(l),aligned
S1 := P(l)

tgt

(︂
˜︁k(l)i

)︂
. (19)

Under Strategy 2, the cached term is Ci =

P(l)
src (˜︁k(l)i ). The alignment operation applies the

inverse source operator followed by the target op-
erator:

K
(l),aligned
S2 := P(l)

tgt ◦
(︂
P(l)

src

)︂−1
(Ci)

= P(l)
tgt

(︃(︂
P(l)

src

)︂−1 (︂
P(l)

src (˜︁k(l)i )
)︂)︃

.

(20)

Since
(︂
P(l)

src

)︂−1
◦ P(l)

src = I , where I is the identity
map, we obtain:

K
(l),aligned
S2 = P(l)

tgt

(︂
I · ˜︁k(l)i

)︂
= P(l)

tgt

(︂
˜︁k(l)i

)︂
.

(21)
Comparing Eq. (19) with the result above confirms
that K(l),aligned

S1 ≡ K
(l),aligned
S2 .

Application to RoPE. In RoPE, each operator is
an orthogonal rotation matrix: P (l)

θ = Rθ(i), and

hence (P
(l)
θ )−1 = R−θ(i). Therefore,

Ptgt ◦ (Psrc)
−1 = Rθtgt R

⊤
θsrc = Rθtgt−θsrc . (22)

For Transition Overlap, the source operator must
use the construction-time source coordinate. For
the j-th token of segment r (corresponding to
global token i = (r, j)) encoded after an over-
lap buffer Or, we have Psrc = Rθ(sr(j),αsrc) with
sr(j) = |Or|+ j, rather than Rθ(j,αsrc). This con-
firms that applying the relative rotation difference
in Eq. (22) is mathematically exact and equivalent
to pre-alignment.

D Error Decomposition Diagnostics

Dataset and Scale. We conduct our validation
on the complete LongBench MuSiQue benchmark,
comprising 200 multi-hop question-answering in-
stances. Unlike prior pilot studies using sampled
subsets, this experiment processes the entire stan-
dard evaluation set to ensure statistical robustness.
The dataset contains 2,218 segments (3–20 seg-
ments per question, variable length), yielding 1,997
analysis samples after filtering the lowest 10% error
cases to remove trivial reuse scenarios.
Error Decomposition Framework. We decom-
pose the KV cache reuse error into two complemen-
tary sources: a geometric-error component (cap-
tured by the upper bound REG) and a dynamic
error component (RED), corresponding to the nor-
malized magnitude of the dynamic error D defined
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Layer REK REG RED Coverage
Measured Bound Measured

0 0.962 0.952 0.081 100%
6 1.175 0.990 0.869 100%
13 1.015 0.882 0.606 100%
27 1.015 0.862 0.492 100%

Table 4: Layer-wise error statistics on LongBench
MuSiQue. RED denotes the measured dynamic error
component, while REG is a theoretical upper bound on
the geometric error component. REK is the observed
total reuse error.

in Sec. 4.1. In addition, we report the observed
total reuse error REK . At each layer l and token
position i, our decomposition satisfies:

RE
(l)
K (i) ≤ RE

(l)
G (i) + RE

(l)
D (i). (23)

Coverage check. The 100% coverage is expected
from the additive upper bound in Eq. (23) and
serves as an implementation sanity check. It does
not by itself prove that the decomposition is com-
plete or tight. Bound tightness is better assessed
by reporting the slack REG +RED −REK or the
ratio REK/(REG +RED).
Quantitative Layer-Wise Statistics

Tab. ?? summarizes the error statistics across the
four representative layers. Several critical observa-
tions emerge from this data:
Layer 0 (Input Layer—Geometry Dominance):
With REG = 0.952 and RED = 0.081, the
dynamic-error component is small in this diagnos-
tic. In an idealized deterministic first-layer pre-
RoPE projection with identical token inputs, this
residual would be expected to be close to zero. The
small nonzero value here should be interpreted as
an implementation- and measurement-level resid-
ual, e.g., due to normalization/extraction conven-
tions, finite-precision arithmetic, and the normal-
ized error statistic, rather than as strong evidence
of boundary drift at the input projection. This is
consistent with the decomposition: shallow key
errors are strongly affected by RoPE coordinate
mismatch. The close overlap between the geomet-
ric error region (blue) and the observed error line
(black) in Fig. 9(a) suggests that RoPE position
alignment is especially important at the input layer.
Layer 6 (Early Middle Layer—Large Residual
Contribution): This layer exhibits the highest to-
tal error (REK = 1.175) and a large increase in
the dynamic-error component (RED = 0.869 vs.
0.081 at Layer 0). Here, RED becomes compara-
ble to REG (REG = 0.990), indicating a change
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Figure 9: Error decomposition diagnostics across rep-
resentative layers. The plots visualize the geometric-
error bound (REG, blue) and dynamic-error compo-
nent (RED, orange) stacked against the observed total
reuse error (REK , black). Consistency with Eq. (23):
All samples fall within the additive bound REK ≤
REG +RED. (a) Layer 0: Coordinate error is promi-
nent. (b) Layer 6: The dynamic-error component be-
comes larger. (c) Layer 13: Both terms contribute. (d)
Layer 27: The dynamic-error component decreases in
this diagnostic.

in the observed error profile. The expanded orange
region in Fig. 9(b) visualizes this larger dynamic-
error contribution.
Layer 13 (Middle Layer—Balanced Regime):
Both terms contribute substantially (REG = 0.882,
RED = 0.606), with total error stabilizing at
REK = 1.015. This suggests that middle layers
may benefit from both coordinate alignment and
construction-time reduction of dynamic error.
Layer 27 (Output Layer—Residual Decay): The
dynamic-error component decreases to RED =
0.492 (a 43% reduction from Layer 6), while to-
tal error remains stable at REK = 1.015. This
suggests that later layers are less sensitive to seg-
mentation artifacts in this diagnostic. The stacked
regions continue to cover the observed error line in
Fig. 9(d), as expected from the additive bound.
Implications for Cache Optimization

These diagnostics suggest practical directions
for cache optimization: shallow layers are strongly
affected by coordinate alignment, middle layers
show larger dynamic-error components, and later
layers appear less sensitive in this setting. These
observations motivate construction-time methods
such as Transition Overlap, but layer-specific opti-
mization remains future work.

E Validation Across Multiple SAMSum
Examples

To test whether the ablation patterns in Sec. 6.3
generalize beyond a single example, we repeat the
layer-wise reuse error analysis on the first 7 SAM-
Sum instances. We compare Naive Full Reuse
w/o RoPE position alignment (direct concatena-
tion without RoPE position alignment) against
CSO, and visualize the L2 reuse error for both
Key and Value caches across all layers: 32 lay-
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Figure 10: Reuse error across 7 SAMSum exam-
ples (LLaMA-3.1-8B-Instruct). Full Reuse shows pro-
nounced boundary artifacts in both Key/Value caches,
while CSO consistently reduces these errors across all
layers and examples.

ers for LLaMA-3.1-8B-Instruct and 28 layers for
Qwen-2.5-7B-Instruct.

Figures 10 and 11 show consistent trends
across LLaMA-3.1-8B-Instruct and Qwen-2.5-7B-
Instruct: Full Reuse exhibits prominent boundary
spikes (segment-transition artifacts) in both Key
and Value, whereas CSO substantially attenuates
these spikes and lowers reuse error across layers.
This confirms that the benefits of Transition Over-
lap are robust across samples and model families.

App. F provides an additional qualitative
attention-map diagnostic showing how the tempo-
rary overlap can absorb segment-start attention-
sink artifacts before the overlap states are dis-
carded.

F Attention Sink Mitigation via
Transition Overlap

Independently encoding each segment can intro-
duce start-of-sequence artifacts, including attention
sinks where early tokens receive disproportionately
high attention. When segments are later concate-
nated for KV reuse, these artifacts appear as bound-
ary discontinuities. Transition Overlap can mitigate
this effect in our diagnostic by prepending a short
overlap buffer during cache construction, so that

0 5 10 15 20 25 30 35 40

0123456789101112131415161718192021222324252627

Ex
am

pl
e 

1
La

ye
r

Mean: 5.6869
Max: 46.6562

Full Reuse
Key

0 5 10 15 20 25 30 35 40

0123456789101112131415161718192021222324252627

Mean: 4.3591
Max: 221.1250

Full Reuse
Value

0 5 10 15 20 25 30 35 40

0123456789101112131415161718192021222324252627

Mean: 2.7560
Max: 29.5469

Ours (CSO)
Key

0 5 10 15 20 25 30 35 40

0123456789101112131415161718192021222324252627

Mean: 2.7566
Max: 69.4375

Ours (CSO)
Value

0

10

20

30

40

50

L2
 N

or
m

0

50

100

150

200

L2
 N

or
m

0

10

20

30

40

50

L2
 N

or
m

0

50

100

150

200

L2
 N

or
m

0 25 50 75 100 125 150 175 200

0123456789101112131415161718192021222324252627

Ex
am

pl
e 

2
La

ye
r

Mean: 24.1368
Max: 53.6562

0 25 50 75 100 125 150 175 200

0123456789101112131415161718192021222324252627

Mean: 15.5215
Max: 214.1250

0 25 50 75 100 125 150 175 200

0123456789101112131415161718192021222324252627

Mean: 14.1999
Max: 44.9688

0 25 50 75 100 125 150 175 200

0123456789101112131415161718192021222324252627

Mean: 12.6713
Max: 95.8125

0

10

20

30

40

50

L2
 N

or
m

0

50

100

150

200

L2
 N

or
m

0

10

20

30

40

50

L2
 N

or
m

0

50

100

150

200

L2
 N

or
m

0 10 20 30 40 50 60 70 80

0123456789101112131415161718192021222324252627

Ex
am

pl
e 

3
La

ye
r

Mean: 19.0684
Max: 48.6875

0 10 20 30 40 50 60 70 80

0123456789101112131415161718192021222324252627

Mean: 12.2767
Max: 221.8750

0 10 20 30 40 50 60 70 80

0123456789101112131415161718192021222324252627

Mean: 8.3634
Max: 40.5625

0 10 20 30 40 50 60 70 80

0123456789101112131415161718192021222324252627

Mean: 8.2766
Max: 79.3125

0

10

20

30

40

50

L2
 N

or
m

0

50

100

150

200

L2
 N

or
m

0

10

20

30

40

50

L2
 N

or
m

0

50

100

150

200

L2
 N

or
m

0 50 100 150 200

0123456789101112131415161718192021222324252627

Ex
am

pl
e 

4
La

ye
r

Mean: 25.3240
Max: 51.4062

0 50 100 150 200

0123456789101112131415161718192021222324252627

Mean: 15.4098
Max: 223.8750

0 50 100 150 200

0123456789101112131415161718192021222324252627

Mean: 13.1574
Max: 44.6250

0 50 100 150 200

0123456789101112131415161718192021222324252627

Mean: 11.8033
Max: 105.1875

0

10

20

30

40

50

L2
 N

or
m

0

50

100

150

200

L2
 N

or
m

0

10

20

30

40

50

L2
 N

or
m

0

50

100

150

200

L2
 N

or
m

0 100 200 300 400 500

0123456789101112131415161718192021222324252627

Ex
am

pl
e 

5
La

ye
r

Mean: 25.5375
Max: 51.7188

0 100 200 300 400 500

0123456789101112131415161718192021222324252627

Mean: 13.5200
Max: 225.3750

0 100 200 300 400 500

0123456789101112131415161718192021222324252627

Mean: 13.5770
Max: 47.3750

0 100 200 300 400 500

0123456789101112131415161718192021222324252627

Mean: 11.3740
Max: 104.3750

0

10

20

30

40

50

L2
 N

or
m

0

50

100

150

200

L2
 N

or
m

0

10

20

30

40

50

L2
 N

or
m

0

50

100

150

200

L2
 N

or
m

0 50 100 150 200

0123456789101112131415161718192021222324252627

Ex
am

pl
e 

6
La

ye
r

Mean: 24.4610
Max: 53.7500

0 50 100 150 200

0123456789101112131415161718192021222324252627

Mean: 14.4895
Max: 223.6250

0 50 100 150 200

0123456789101112131415161718192021222324252627

Mean: 12.4252
Max: 46.2812

0 50 100 150 200

0123456789101112131415161718192021222324252627

Mean: 11.4846
Max: 101.1875

0

10

20

30

40

50

L2
 N

or
m

0

50

100

150

200

L2
 N

or
m

0

10

20

30

40

50

L2
 N

or
m

0

50

100

150

200

L2
 N

or
m

0 50 100 150 200 250
Token Position

0123456789101112131415161718192021222324252627

Ex
am

pl
e 

7
La

ye
r

Mean: 23.8207
Max: 53.2500

0 50 100 150 200 250
Token Position

0123456789101112131415161718192021222324252627

Mean: 13.7064
Max: 221.3750

0 50 100 150 200 250
Token Position

0123456789101112131415161718192021222324252627

Mean: 12.5127
Max: 45.5000

0 50 100 150 200 250
Token Position

0123456789101112131415161718192021222324252627

Mean: 10.6280
Max: 78.7500

0

10

20

30

40

50

L2
 N

or
m

0

50

100

150

200

L2
 N

or
m

0

10

20

30

40

50

L2
 N

or
m

0

50

100

150

200

L2
 N

or
m

Figure 11: Reuse error across 7 SAMSum examples
(Qwen-2.5-7B-Instruct). The same boundary-error
reduction pattern holds on Qwen, indicating that our
method is model-agnostic.

any sink behavior is absorbed by the overlap region
that will be trimmed before storage. Concretely,
we encode an augmented segment ˜︁B = O ⊕B and
then discard the overlap cache, retaining only the
KV states for the original segment (Sec. 5.2).

G Validation of Geometric Error Bounds
Under RoPE Parameter Variations

This section checks the geometric error bound
in Eq. (14) under two common RoPE parameter
variations: (i) a scaling factor α that rescales ro-
tation angles, and (ii) the RoPE frequency base
b that determines ωm = b−2m/dk . We run the
same bound-checking pipeline on MuSiQue using
Qwen-2.5-7B-Instruct and report results for layers
l ∈ {0, 6, 13, 27}.

G.1 Experiment A: Alpha Scaling

We vary α ∈ {0.5, 1.0, 2.0, 4.0} in the RoPE an-
gle definition (consistent with Sec. 3), which di-
rectly changes the angular mismatch term δθi,m
in Eq. (14). Fig. 14 plots the observed total er-
ror ∥∆K(l)∥2 against the bound ∥G(l)∥2+∥D(l)∥2
across layers and α values. Across all settings, ev-
ery sample satisfies the additive bound, as expected
from the derivation. This also checks that our im-
plementation of the bound is consistent across α
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Figure 12: Attention maps (Layer 15, query position 40)
on a SAMSum segment. The dashed line indicates the
trimming boundary. Without overlap, attention concen-
trates near the segment start. With Ours (SSO)/(CSO),
the concentration shifts into the overlap region and is
removed after trimming.

values. We also observe that sensitivity to α is
layer-dependent: shallow layers show more pro-
nounced changes, while mid layers are often domi-
nated by dynamic error.

G.2 Experiment B: Frequency Base
Variations

We vary the RoPE base b ∈ {104, 105, 5 ×
105, 106}, which changes the frequency schedule
ωm = b−2m/dk and hence the band-wise contribu-
tion in Eq. (14). Fig. 15 reports the same bound
check under different b. Again, the additive bound
holds with 100% coverage across all layers and
base values. Changing b produces distinct layer-
wise effects compared to α, consistent with the
frequency-weighted structure of Eq. (14). These
experiments show that the additive bound remains
satisfied under the tested RoPE bases, and the ob-
served changes are consistent with the frequency-
wise form of Eq. (14).

H Parallel Construction and Wall-Time
Breakdown

Transition Overlap adds computation only during
cache construction. This stage is outside online
decoding and can be parallelized across cached
segments. To make this cost explicit, we decom-
pose the per-sample wall-time into three parts: the
construction-parallelizable stage, the time to first
token (TTFT), and the decode tail. This analysis
complements the TTFT results in the main paper by

showing where the extra construction cost appears
and how it changes under parallelism.

Fig. 13 reports the breakdown on MuSiQue. In-
creasing offline parallelism mainly reduces the
construction-parallelizable stage component, while
TTFT and the decode tail remain relatively stable.
Across all tested parallelism levels, CSO achieves
the lowest average sample wall-time. This indicates
that moving boundary repair to cache construction
does not create a large online bottleneck, and that
the added construction cost can be effectively amor-
tized in practical serving settings.

H.1 Statistical Reliability Across Models and
Tasks

For task quality, we use paired case bootstrap over
the same 200 instances and report 95% confidence
intervals for the CSO score and paired differences
from each baseline. For latency, each configuration
is measured in five fresh-process repeats, and hier-
archical paired bootstrap over repeats and matched
instances is used to obtain 95% confidence inter-
vals for speedup ratios. Across two models and five
tasks, we detect no significant quality degradation
relative to EPIC or CacheBlend. CSO is signifi-
cantly faster in 9/10 settings against each baseline,
with mean speedups of 1.01–1.62× over EPIC and
1.04–1.62× over CacheBlend.

H.2 Matched SSO/CSO Overlap-Length
Sweep

We additionally sweep matched overlap windows
for SSO and CSO on HotpotQA, MuSiQue, and
2WikiMQA. Across 21 matched comparisons, the
F1 differences between CSO and SSO range from
−0.058 to +0.024, with no significant difference
after Holm correction. Their wall-time ratios range
from 0.939 to 1.088, with dataset-dependent fluc-
tuations and no consistent winner. These results
do not identify a universally optimal overlap win-
dow and support using Nsb = 16 as a practical
low-overhead default.

I Matched-Budget Link Between Proxy
Discrepancy and End-to-End Quality

The smoothness gap and the L2 distance are di-
agnostic quantities computed with a direct full-
context reference, so they are not used as online
inputs during deployment. However, they can still
be useful if reducing them is associated with better
end-to-end task quality. To test this link under a
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Task CSO score [95% CI] ∆ EPIC [95% CI] ∆ CacheBlend [95% CI] Wall time Speedup EPIC Speedup CacheBlend

Mistral-7B-Instruct

HotpotQA 0.317 [0.272, 0.364] +0.004 [−0.030, +0.039] +0.081 [+0.037, +0.126] 0.477± 0.011 s 1.07× [1.01, 1.12] 1.19× [1.13, 1.25]
MuSiQue 0.156 [0.132, 0.181] −0.002 [−0.023, +0.019] +0.055 [+0.033, +0.078] 0.557± 0.008 s 1.10× [1.06, 1.14] 1.18× [1.14, 1.23]
2WikiMQA 0.215 [0.189, 0.242] +0.032 [+0.014, +0.050] +0.054 [+0.032, +0.076] 0.465± 0.023 s 1.01× [0.94, 1.09] 1.04× [0.97, 1.11]
SAMSum 0.329 [0.308, 0.341] +0.004 [−0.013, +0.021] +0.144 [+0.123, +0.166] 1.507± 0.106 s 1.20× [1.12, 1.27] 1.49× [1.37, 1.63]
Needle 0.661 [0.615, 0.680] −0.012 [−0.038, +0.015] −0.012 [−0.044, +0.022] 0.575± 0.011 s 1.59× [1.54, 1.64] 1.62× [1.56, 1.70]

Qwen3-4B

HotpotQA 0.270 [0.216, 0.296] +0.011 [+0.003, +0.021] +0.004 [−0.006, +0.010] 0.466± 0.049 s 1.28× [1.24, 1.34] 1.49× [1.40, 1.59]
MuSiQue 0.101 [0.052, 0.141] +0.007 [−0.003, +0.017] −0.008 [−0.023, +0.008] 0.504± 0.024 s 1.42× [1.35, 1.49] 1.60× [1.52, 1.67]
2WikiMQA 0.167 [0.155, 0.180] +0.001 [−0.010, +0.011] +0.005 [−0.005, +0.010] 0.503± 0.031 s 1.42× [1.35, 1.50] 1.49× [1.41, 1.58]
SAMSum 0.397 [0.377, 0.419] +0.002 [−0.009, +0.011] +0.152 [+0.126, +0.178] 1.712± 0.080 s 1.28× [1.22, 1.35] 1.18× [1.11, 1.26]
Needle 0.793 [0.778, 0.816] −0.006 [−0.018, +0.012] −0.004 [−0.014, +0.010] 0.537± 0.018 s 1.62× [1.53, 1.71] 1.61× [1.56, 1.66]

Table 5: CSO scores, quality differences, wall-clock time, and speedups across tasks.

Dataset Nsb SSO F1 CSO F1 ∆F1 Adjusted p CSO/SSO Wall-time

HotpotQA 16 0.311 0.318 +0.007 1.000 1.031
32 0.302 0.316 +0.013 1.000 0.998
64 0.315 0.295 -0.021 1.000 0.968

128 0.289 0.291 +0.002 1.000 1.021
256 0.305 0.297 -0.008 1.000 0.988
512 0.281 0.295 +0.014 1.000 0.964

1024 0.299 0.306 +0.007 1.000 0.969

MuSiQue 16 0.163 0.158 -0.005 1.000 1.017
32 0.158 0.163 +0.005 1.000 1.017
64 0.143 0.150 +0.007 1.000 0.995

128 0.149 0.152 +0.003 1.000 1.007
256 0.155 0.160 +0.005 1.000 0.982
512 0.147 0.165 +0.018 1.000 0.955

1024 0.157 0.181 +0.024 1.000 0.939

2WikiMQA 16 0.204 0.215 +0.012 1.000 1.000
32 0.187 0.200 +0.013 1.000 0.983
64 0.207 0.174 -0.033 1.000 0.982

128 0.242 0.190 -0.053 0.292 1.088
256 0.231 0.188 -0.042 0.769 1.056
512 0.235 0.192 -0.043 1.000 1.003

1024 0.227 0.168 -0.058 0.234 0.970

Table 6: Matched overlap-length sweep for SSO and CSO. For each dataset and overlap length, SSO and CSO
are evaluated under identical settings. ∆F1 denotes F1CSO − F1SSO and is computed from the unrounded scores.
The final column reports the wall-time ratio WallTimeCSO/WallTimeSSO.

controlled setting, we conduct a matched-budget
intervention on HotpotQA.

For each prefix budget k, we keep both the inser-
tion position and the number of prefix tokens fixed.
We then change only the prefix content: Dummy-
k uses content-free tokens, while CSO-k uses the
matched previous-context overlap. This design con-
trols for token budget and position, so each arrow
in Fig. 16 represents a direct intervention on prefix
content rather than a change in compute.

Across all evaluated budgets, replacing Dummy-
k with CSO-k moves the system toward lower
proxy discrepancy and higher Mean F1. This does
not claim that the smoothness gap alone is a com-
plete causal explanation for task accuracy. Rather,
it provides controlled operational evidence that re-
ducing the proxy discrepancies used in our analysis

is aligned with better end-to-end performance un-
der the same budget and position. We observe the
same trend on MuSiQue: averaged across budgets,
CSO reduces the smoothness gap and aligned L2

distance by 1.13 and 1.93, respectively, while in-
creasing F1 by 0.119.

J Boundary Fragility of Self-Segment
Overlap

This appendix clarifies a boundary-sensitive limita-
tion of Self-Segment Overlap (SSO). As described
in Sec. 5.2, SSO is used when the true preced-
ing segment is unavailable or when the system
stores only one query-independent cache per seg-
ment. It prepends a short prefix copied from the
current segment during cache construction, and
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Relationship ρ̂ 95% CI p

Γiso
i vs.

⃦⃦
zisoi − zdiri

⃦⃦
2

0.9564 [0.9428, 0.9669] 7.747× 10−108

Γiso
i vs.

⃦⃦
zisoi+1 − zdiri+1

⃦⃦
2

0.9567 [0.9431, 0.9671] 4.439× 10−108

Γiso
i vs.

1

2

(︂⃦⃦
⃦zisoi − zdiri

⃦⃦
⃦
2
+

⃦⃦
⃦zisoi+1 − zdiri+1

⃦⃦
⃦
2

)︂
0.9566 [0.9430, 0.9670] 5.754× 10−108

Γiso
i vs. max

(︂⃦⃦
⃦zisoi − zdiri

⃦⃦
⃦
2
,
⃦⃦
⃦zisoi+1 − zdiri+1

⃦⃦
⃦
2

)︂
0.9596 [0.9470, 0.9693] 5.019× 10−111

Table 7: Example-level Pearson correlations between the smoothness gap and local aligned-state error summaries.
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Figure 13: MuSiQue wall-time breakdown across
offline-parallelism levels. We compare CacheBlend,
EPIC, and Ours (CSO) under 1×, 2×, 3×, and 4×
offline parallelism. Each bar is decomposed into the
construction-parallelizable stage, TTFT, and the decode
tail. Higher parallelism mainly reduces the construction
component, while TTFT and the decode tail remain
stable. Ours (CSO) achieves the lowest average sample
wall-time at all parallelism levels.

then stores only the KV states of the original seg-
ment. This construction is intended to approxi-
mate the transition context that CSO would pro-
vide in online-parallel construction or fixed source-
adjacent caching. It is not designed to make the
augmented construction sequence linguistically nat-
ural.
Representation smoothness is different from tex-
tual fluency. The Smoothness Gap in Eq. (3) mea-
sures a mismatch between local representation tran-
sitions under a reused-cache path and direct full-
context computation. It is therefore a cache-level
diagnostic, not a measure of natural language flu-
ency. This distinction matters in RAG, where re-
trieved segments may already be semantically non-
contiguous even under direct full-context inference.
Our goal is to make the stored cache of each seg-
ment closer to its direct-path representation, rather
than to enforce discourse continuity between re-
trieved segments.
Construction-time sequence vs. served prompt.
SSO may create an unnatural temporary construc-
tion sequence. For example, if a segment begins
with “10 dollars” and the copied prefix contains
“10”, the augmented construction input may contain
a repeated surface form. This is a real construction-
time concern, because the temporary prefix can
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Figure 14: Geometric error bound check under al-
pha scaling. Scatter plots compare observed total error
REK (y-axis) versus the additive bound REG +RED

(x-axis) across representative layers and scaling factors
α ∈ {0.5, 1.0, 2.0, 4.0} on MuSiQue. Colors denote
different α values, and the diagonal dashed line repre-
sents equality. Key observations: (1) Bound check:
All points satisfy REK ≤ REG + RED, as expected
from the additive bound. (2) Layer behavior: Shallow
and deep layers show smaller slack than some middle
layers in this diagnostic. (3) Parameter effect: Chang-
ing α changes the coordinate term through δθi,m.

influence the stored KV states of the original seg-
ment.

However, this repetition is not inserted into the
served prompt. Given a segment B and a self-
overlap O copied from the prefix of B, SSO en-
codes ˜︁B = O ⊕ B, where ⊕ denotes input con-
catenation. After this forward pass, all KV states
corresponding to O are discarded, and only the KV
states of the original segment B are stored. At
query time, the system assembles caches of the
original segments only. Thus, the final generation-
time context contains the original text once, al-
though its stored KV states may have been affected
by the temporary construction prefix.
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Figure 15: Geometric error bound check under
frequency-base variations. Scatter plots analogous
to Fig. 14, but varying the RoPE frequency base b ∈
{104, 105, 5× 105, 106}. Key observations: (1) Layer
27 shows lower observed error for larger tested bases
in this diagnostic. (2) Layer 13 shows a non-monotonic
pattern across tested bases. (3) The results are consis-
tent with Eq. (14), where ωm = b−2m/dk controls the
per-band contribution.
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HotpotQA: Same Budget, Same Position, Only Prefix Content Changes
Switching from Dummy-k to CSO-k consistently moves toward lower proxy discrepancy and higher end-to-end F1. Faint clouds show qid-level matched-budget outcomes.

Figure 16: Matched-budget intervention linking
proxy reduction to end-to-end gains. On HotpotQA,
for each prefix budget k, we keep the insertion position
and token budget fixed and change only the prefix con-
tent. Dummy-k uses content-free tokens, while CSO-k
uses matched previous-context overlap. Each arrow
is therefore a controlled intervention from Dummy-k
to CSO-k. Across all evaluated budgets, this interven-
tion consistently moves the system toward lower front
smoothness gap or lower front L2 distance and higher
end-to-end Mean F1.

Boundary-sensitive diagnostic. To quantify this
limitation, we construct a targeted diagnostic sub-
set of high-risk boundaries. A boundary is se-
lected if the beginning of a segment contains a
fragile surface form, such as a number, an entity
mention, or a short span whose meaning can be
changed by partial repetition. We further keep
only cases where Full Compute answers correctly
but removing the boundary tokens makes the task

Method Budget 16 Budget 32 Budget 64
w/o overlap 0.232 0.232 0.232
SSO 0.342 0.356 0.428
CSO 0.377 0.447 0.467
EPIC 0.374 0.464 0.549
CacheBlend 0.317 0.327 0.323

Table 8: Boundary-sensitive diagnostic results.
Scores are normalized by the Full Compute score on
the same selected subset, so higher is better. For SSO
and CSO, the budget denotes the overlap length. For
EPIC, it denotes the number of recomputed boundary
tokens. For CacheBlend, the three columns correspond
to approximately 15%, 20%, and 25% recomputation
rates, respectively.

answer wrong. This filtering step ensures that
the selected boundaries are not merely surface-
level artifacts; the boundary tokens are also rel-
evant to the downstream prediction. This proce-
dure yields 23/19/29/12/9 cases on MuSiQue, Hot-
potQA, 2WikiMQA, SAMSum, and Needle, re-
spectively. For each method, we report the task’s
standard metric on this boundary-sensitive subset:
F1 for QA and retrieval tasks, and ROUGE-L for
summarization. Scores are normalized by the cor-
responding Full Compute score on the same subset,
so Full Compute equals 1.0. Higher values indicate
better preservation of boundary-sensitive informa-
tion.

Tab. 8 shows three findings. First, boundary-
sensitive examples are difficult for position-
independent cache reuse: without overlap, the
normalized score is only 0.232. Second, SSO
improves over no overlap at all budgets, indi-
cating that a self-prefix can still provide useful
construction-time context. Third, SSO does not
fully remove boundary fragility. Its score increases
from 0.342 at budget 16 to 0.428 at budget 64,
suggesting that a longer self-overlap can reduce,
but not eliminate, the effect of fragile boundary to-
kens. CSO performs better than SSO when source
adjacency is available, because it uses matched
previous-context tokens rather than a repeated self-
prefix. EPIC is also strong at larger budgets, but
it requires online boundary-token recomputation,
whereas SSO and CSO keep the cached-token reuse
path recomputation-free.
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