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Abstract—Retrieval-augmented generation (RAG) systems of-
ten suffer from high latency during the prefilling stage, when
large language models compute key–value (KV) caches for
long prompts. Although caching shared documents can reduce
redundant computation, directly reusing precomputed KV blocks
typically causes substantial accuracy loss.

In this work, we study KV cache reuse for RAG under a
strictly plug-and-play regime, where the base language model is
left unchanged and no retraining, prompt redefinition, or selective
recomputation is performed. Within this setting, we propose a
fine-tuning-free approach that reuses KV states across queries
through an anchor-block and position-adjustment strategy. Our
design preserves alignment with the model’s attention mechanism
while enabling efficient recombination of cached blocks.

Experiments on multiple QA benchmarks demonstrate up
to a 5.9× reduction in time-to-first-token (TTFT) with only
moderate accuracy degradation, demonstrating a practical ef-
ficiency–accuracy trade-off and establishing KV reuse as a
promising path for real-time RAG applications where system
simplicity and inference speed are the primary priorities.

Index Terms—KV cache, RAG, TTFT, LLMs.

I. INTRODUCTION

Over the past three years, large language models (LLMs)
have driven rapid progress in artificial intelligence, particularly
in natural language understanding and generation. Despite
these advances, LLMs remain prone to hallucinations, often
producing plausible but factually incorrect outputs. These
errors arise from several factors, including reliance on sta-
tistical correlations rather than verified knowledge, training
objectives that reward confident guessing, and the lack of ex-
plicit grounding in external information sources [1]. Retrieval-
Augmented Generation (RAG) has emerged as an effective
approach to mitigate these issues by combining LLMs with
real-time retrieval from curated knowledge bases or document
collections. By grounding generation in external evidence,
RAG significantly improves factual accuracy and reliability.

While RAG improves output quality, it introduces additional
computational overhead during inference. In many real-world
deployments, queries often retrieve overlapping or identical
document chunks due to skewed retrieval distributions and
recurring information needs. As a result, the same retrieved
passages may be repeatedly processed by the language model
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across different queries, sessions, or users. This observation
suggests an opportunity to reuse intermediate model states to
reduce redundant computation.

Modern LLM inference pipelines typically consist of a
prefilling stage followed by autoregressive decoding. During
prefilling, the model processes all input tokens to compute
internal attention states. To accelerate decoding, most LLM
systems store the key and value tensors generated during
prefilling in a key–value (KV) cache. This cache enables sub-
sequent tokens to reuse previously computed attention states,
significantly reducing computational cost during generation.

Recent LLM serving systems have explored extending KV
reuse across requests. For example, systems such as vLLM
[2] and SGLang [3] enable prefix-based KV sharing, where
requests with identical token prefixes can reuse cached atten-
tion states at the block level rather than recomputing them.
These approaches demonstrate that cross-request KV reuse can
substantially improve throughput and latency in multi-request
serving environments.

However, directly applying prefix-based KV reuse to RAG
workloads remains challenging. In RAG pipelines, prompts
are dynamically constructed by combining user queries with
retrieved passages. Because KV states are both context-
dependent and position-dependent, even small changes in
query wording, retrieval ordering, or passage selection can
lead to different KV representations. As a result, simple prefix
matching is insufficient for enabling effective KV reuse across
RAG generations.

To overcome the limitations of prefix-based KV reuse in dy-
namic RAG settings, several approaches have been proposed to
enable cache reuse under non-identical contexts. CacheBlend
[4] improves reuse reliability by selectively recomputing a
small subset of tokens within reused chunks to restore miss-
ing cross-attention interactions with preceding text. Similarly,
Cache-Craft [5] identifies which cached chunks remain valid
under prefix shifts and performs minimal recomputation only
for tokens that lose contextual alignment. While effective,
these approaches typically require tight integration with the
LLM runtime and fine-grained control over attention compu-
tation.

Other methods focus on restructuring prompts or modifying
attention computation to facilitate modular reuse. Prompt



Cache [6] introduces modular attention reuse by decomposing
prompts into reusable modules through a Prompt Markup
Language (PML). However, this requires users or systems
to follow a predefined prompt structure, which may reduce
usability in general RAG deployments. Block-Attention [7]
restructures attention computation into independent blocks and
retrains the LLM to operate under this modified mechanism,
eliminating training–inference mismatch issues. TurboRAG
[8] similarly relies on fine-tuning to stabilize cache reuse
behavior. Although effective, such approaches introduce ad-
ditional training cost and may create trade-offs between reuse
efficiency and the base model’s general-purpose performance.

Recent work has also explored accelerating RAG through
direct manipulation of KV representations associated with
retrieved contexts. For example, Superposition Prompting
[9] processes input documents through independent parallel
prompt paths and reduces computation through context prun-
ing. However, this approach alters the effective token compo-
sition and context structure seen by the model, potentially in-
troducing semantic approximation effects, and its effectiveness
is tied to specific positional encoding assumptions, limiting
portability across models.

Despite these advances, most existing methods rely on at
least one of the following: model retraining, architectural mod-
ification, prompt structure constraints, or semantic alteration
of input tokens. These requirements limit portability across
models and deployment environments. In contrast, we propose
a new design paradigm, termed Pure KV Manipulation, which
achieves inference acceleration solely through cache-level op-
erations without modifying model weights, prompt formats, or
token semantics. By demonstrating that substantial speedups
are achievable through weight-agnostic KV operations, we es-
tablish a new baseline for portable RAG acceleration and open
a new research direction focused on cache-native optimization.

Our approach enables plug-and-play KV cache reuse by ex-
ploiting the structural regularity of RAG prompts. We treat the
fixed system instruction as an anchor block and precompute
candidate context blocks together with this anchor so that their
KV states align with the prompt structure. During inference,
the cached anchor and retrieved blocks are concatenated, after
positional re-encoding, to form a ready-made prefix cache,
allowing the model to skip recomputation and begin directly
from the user query. We further evaluate two positional re-
encoding techniques to correct misalignment during context
integration and demonstrate experimentally that this approach
improves both efficiency and accuracy in RAG tasks.

Under the Pure KV Manipulation paradigm, we deliberately
operate under a strict plug-and-play design regime. Specifi-
cally, we impose the following constraints: (i) no modification
to model weights or attention mechanisms, (ii) no retraining or
fine-tuning, (iii) no prompt redefinition or markup language,
and (iv) no selective token recomputation during inference.
These constraints reduce system complexity and deployment
cost, but also restrict how much contextual adaptation can
be achieved when reusing cached KV states across different
prompts.

Under this regime, attention and positional mismatches may
introduce accuracy degradation. The goal of this work is
therefore to control the efficiency–accuracy trade-off under
pure KV-state manipulation. We demonstrate that meaningful
latency reductions are achievable while keeping accuracy
degradation within a bounded and predictable range. This
framing distinguishes our work from prior approaches that
relax these constraints through model modification, prompt
engineering, or selective recomputation.

II. BACKGROUND

A. Retrieval-Augmented Generation

RAG enhances LLMs by incorporating external authorita-
tive knowledge. During inference, a retriever selects relevant
documents and concatenates them with the system instruction
and user query to form the model input. This design improves
factual grounding but also creates very long prompts. Across
queries, the same text often appears repeatedly: retrieved
passages may recur for different questions, and the system
instruction is typically fixed. Consequently, the prefill stage,
where the model encodes the entire input to build KV caches,
must frequently recompute identical information, resulting in
significant latency and wasted computation.

B. KV Cache in LLMs

During autoregressive decoding, transformers rely on self-
attention, which scales quadratically with input length. To ac-
celerate inference, modern LLMs cache the hidden key–value
states of processed tokens, allowing each new token to attend
to stored representations rather than recomputing attention
over the entire sequence. This mechanism improves efficiency
within a single generation. However, standard KV caching is
limited to one prompt and does not leverage repeated content
across multiple generations.

C. KV Reuse for RAG and Its Challenges

Reusing cached blocks in RAG introduces several chal-
lenges. The first is attention mismatch: when context chunks
are precomputed independently in a context-free manner,
tokens within a block can only attend to others within the
same block. In the ground-truth full sequence, however, each
token should also attend to all preceding tokens across earlier
blocks. This discrepancy produces inaccurate KV states and
degrades generation quality.

The second is position encoding mismatch: in models with
rotary position embeddings (RoPE) [10], the relative positions
of tokens during precomputation differ from their actual po-
sitions when blocks are concatenated into the final prompt.
Without correction, the cached states become inconsistent
with the model’s positional encoding, further compounding
accuracy loss.

III. METHOD

In this work, our goal is to enable efficient, plug-and-
play KV cache reuse in RAG systems without fine-tuning the
underlying language model. With the observation that system



Fig. 1. Overview of our method: Each context block is precomputed along
with the anchor block. During inference, the cached anchor and the kv cache
of the retrieved blocks are combined after positional re-encoding to form a
ready-made prefix cache.

instructions are typically fixed across queries [6], as shown
in Fig. 1, we designed our approach by treating the system
instruction block as an anchor. Each candidate context block
is precomputed together with the anchor block so that their KV
states align with the prompt structure. At inference time, the
KV states of the anchor and retrieved blocks are concatenated
to form a prefilled cache, allowing the model to skip prefix
recomputation and begin directly from the user query. A
positional re-encoding step is applied to ensure consistency
of rotary embeddings when cached blocks are inserted into
their proper locations in the final prompt.

Fig. 2 illustrates the conceptual attention mask when pairing
the anchor (orange text and box) with a context block (blue
text and box). The shaded region indicates how tokens within
each block attend during precomputation and how the block-
specific KV rows are extracted for reuse. Tokens in the query
(green text and box) can attend to all preceding tokens.

A. Block Precomputation

Let c0 be the anchor block that always appears at the
beginning of the prompt. During Precomputation, each context
block ck is paired with the anchor and evaluated once. Let the
tokenizations be

c0 = {a1, . . . , an0
}, ck = {b1, . . . , bnk

}
sk = c0 ⊕ ck = {a1, . . . , an0

, b1, . . . , bnk
}

where sk denotes the concatenated sequence. A single forward
pass over sk yields, for each transformer layer ℓ = 1, . . . , L,
key and value matrices, with per-token key/value dimension
dv , are defined as,

K(ℓ)
sk

= K
(ℓ)
[c0,ck]

and V(ℓ)
sk

= V
(ℓ)
[c0,ck]

∈ R(n0+nk)×dv

whose rows align with the token positions in sk. The first n0

rows correspond to c0 and the next nk rows correspond to nk.
To form the cache for ck, we only keep the rows associated

with the block ck. Let Bk = {n0 + 1, . . . , n0 + nk } denote
the row indices within sk that select the tokens of ck. The
block-specific cache extracted is

KVck =
{(

Kℓ
ck
, Vℓ

ck

)}L

ℓ=1

=
{(

Kℓ
sk
[Bk, :], V

ℓ
sk
[Bk, :]

)}L

ℓ=1

Intuitively, we “drop” the anchor rows and keep only the
ck rows, but those rows were computed in the presence of c0,
aligning attention with the anchor (the attention-sink).

This procedure ensures that every block is encoded in
the presence of the anchor, aligning its attention distribution
with how it would appear in a real prompt. In our method,
treating the system instruction as the anchor block—naturally
fulfills the role of an attention sink. Because it is always
present and placed at the start of the prompt, it becomes the
consistent reference point that absorbs attention and anchors
subsequent blocks [11], [12]. By pairing every block with
this anchor during precomputation, we ensure that the KV
states of each block are encoded under realistic attention
conditions. This aligns with the insights from Star Attention
[13]: leveraging the sink phenomenon leads to more stable
attention distributions and improves the reliability of KV cache
reuse.

B. Position Encoding Handling

A fundamental challenge in precomputing blocks indepen-
dently is the misalignment of positional indices. Popular LLMs
typically employ RoPE for position encoding, where each
token’s embedding depends on its position in the full prompt
sequence. However, when a block is precomputed in isolation,
each token is assigned a position relative to its local offset
|c0| + offset. Once integrated into the complete sequence,
the token’s true absolute position should be the sum of all
preceding block lengths plus its local offset. This mismatch
invalidates the cached states due to incorrect positional data.
To address this issue, we adopted two approaches.

Position Re-encoding RoPE encodes positional information
by rotating the query and key vectors according to their
position indices. Since this rotation is a linear transformation,
it can be reversed and reapplied for new positions. Specifically,
for a token in block ck at local offset j, its position during
precomputation was:

pold = |c0|+ j

while in the full prompt its true position is

pnew = ppre + j

where pre is the number of tokens preceding ck in the
constructed prompt. The constant shift is therefore

δp = pnew − pold = ppre − |c0|

The cached K is corrected as

K̃(ℓ)
ck

= R∆p

(
K(ℓ)

ck

)



Fig. 2. Conceptual attention mask for one generation. Each candidate block ck is paired with the anchor c0. The attention mask (shown on the right) illustrates
the token-level attention pattern during precomputation. Block-specific KV states are obtained by discarding the anchor rows. See text for details.

TABLE I
ACCURACY COMPARISON OF DIFFERENT KV CACHE REUSE METHODS ACROSS FOUR QA DATASETS. EM DENOTES Exact Match.

TQA Musique 2Wiki NQ
EM F1 EM F1 EM F1 EM F1

Full Recompute 69.5 66.3 22.0 22.4 32.0 32.0 48.0 44.7
Direct Reuse 50.5 53.2 5.0 10.2 15.0 18.0 28.0 33.8

Anchor + Re-Encoding 61.0 61.0 13.5 15.2 26.5 26.9 36.5 39.2
Anchor + Decoupling 61.0 61.4 13.0 14.6 27.0 27.4 37.0 39.1

where R∆p is the RoPE rotation by shift ∆p. Cached V
remain unchanged:

Ṽ(ℓ)
ck

= V(ℓ)
ck

.

In our implementation, we adopt the same strategy as [7]: the
cached key vectors are first rotated back to zero to remove
the old positional encoding, and then rotated forward to their
actual positions to apply the correct encoding.

RoPE De-coupling Another way to address the positional
encoding mismatch is to decouple positional information from
the token embeddings. This can be done by caching the KV
states without applying any positional encoding during pre-
computation. At runtime, once the full prompt is constructed,
the correct positional encodings are then applied to the cached
states based on their true positions in the sequence.

C. Generation Procedure

When a user query arrives, the retriever selects the relevant
context blocks as well as their precomputed caches. After
positional adjustment of each block’s keys, the full prefilled
cache is formed by concatenating the anchor cache with the
corrected block caches in order.

The combined cache, consisting of the anchor KV together
with the selected context KVs, forms the prefilled cache.
Newly generated tokens then attend to this prefilled cache
during autoregressive decoding, enabling efficient inference
without recomputing the long context.

IV. EXPERIMENTS AND RESULTS

We evaluated our plug-and-play fast RAG design on
four open-domain QA benchmarks: TriviaQA (TQA) [14],

MusiQue [15], 2WikiMultiHopQA (2Wiki) [16], and Natu-
ral Questions (NQ) [17], each with 200 randomly sampled
examples. The base model is Llama-3.2-3B-Instruct
with greedy decoding. All experiments were run on a sin-
gle NVIDIA RTX A6000 GPU. Passages are retrieved by
Contriever-MSMARCO [18] and split into blocks of ap-
proximately 512 tokens [19], [20] using LangChain. Each
prompt begins with a fixed system anchor block of 332 tokens,
followed by the retrieved contexts and the user query.

We employed two complementary metrics, computed after
normalizing both answers and predictions, to evaluate answer
quality. Subspan EM (Exact Match) counts a prediction as
correct if it contains any ground-truth answer as a contigu-
ous substring, ensuring the essential answer is present. F1
computes the token-level harmonic mean of precision and
recall, rewarding partial overlaps. While F1 reflects overlap, it
alone cannot distinguish between answers that fully contain the
correct span and those that only share some tokens. Using both
metrics together provides a stricter and more comprehensive
assessment of answer quality.

Table I reports the accuracy of different cache reuse meth-
ods. Full Recompute serves as the ground-truth reference,
where LLMs prefill the KV cache by performing attention
over the entire input sequence. Direct Reuse is the naive
baseline in which caches are pre-computed independently for
each context block and then concatenated at inference. This
approach is efficient but ignores both anchor information and
positional consistency. Our proposed methods, grouped under
Anchor, address these limitations by incorporating anchor
information and maintaining positional consistency. Anchor +
Re-Encoding applies positional re-encoding during inference



TABLE II
TIME-TO-FIRST-TOKEN (TTFT) COMPARISON OF DIFFERENT KV CACHE

REUSE METHODS ACROSS FOUR QA DATASETS.

TTFT (seconds) TQA Musique 2Wiki NQ
Full Recompute 0.489 0.422 0.430 0.49

Direct Reuse 0.056 0.049 0.049 0.055
Anchor + Re-Encoding 0.084 0.073 0.073 0.083
Anchor + Decoupling 0.085 0.073 0.074 0.084

to restore alignment, while Anchor + Decoupling introduces
an alternative strategy that separates position encoding from
content encoding to further enhance robustness.

It is evident from the results that our proposed methods
under the Anchor group significantly outperform the baseline
Direct Reuse model, demonstrating the effectiveness of our
cache reuse design. In theory, Re-Encoding and Decoupling
are equivalent approaches, and the minor performance differ-
ences observed between them, as shown in Table I, can be
attributed to engineering disparities rather than fundamental
design differences.

Time consumption is reported as TTFT in seconds in Table
II. Direct Reuse is the most straightforward and lightweight
approach, as clearly reflected in the results. Our proposed
Anchor-based methods, while slightly slower than Direct
Reuse due to additional overhead, still achieve substantial
speedup of approximately 5.9× over the Full Recompute
baseline. Our methods introduce a modest latency overhead
relative to Direct Reuse. The additional TTFT is less than
6% of Full Recompute on average across the four datasets.
However it recovers a substantial amount of answer qual-
ity. Figure 3 visualizes the efficiency–accuracy trade-off and
shows that our method shifts the operating point closer to
the upper-left performance region. Compared to Direct Reuse,
our approach substantially improves answer quality, while
remaining significantly faster than Full Recompute. Overall,
our method achieves a more favorable balance between latency
and accuracy, capturing most of the accuracy benefits of
full recomputation while retaining much of the efficiency
advantage of cache reuse.

V. DISCUSSIONS AND CONCLUSIONS

In this work, we presented a plug-and-play, fine-tuning-free
method for KV cache reuse in retrieval-augmented generation.
By introducing an anchor block with position adjustment, our
approach enables precomputed context caches to be recom-
bined across queries while remaining compatible with the
model’s native attention mechanism. Experiments show that
substantial latency reductions can be achieved while maintain-
ing answer quality under strict plug-and-play constraints.

The experimental results illustrate the efficiency–accuracy
trade-off inherent to strict plug-and-play KV reuse. Full re-
computation provides an accuracy upper bound at high latency,
whereas direct KV reuse minimizes latency but introduces
substantial accuracy degradation due to attention isolation and
positional mismatch. Anchor-based reuse operates between

these extremes, recovering much of the lost accuracy while
preserving most of the latency advantage.

These findings suggest that non-intrusive KV-state reuse can
reduce inference latency, and that lightweight alignment mech-
anisms can partially compensate for context misalignment
without requiring model modification. However, Our study
evaluates only a limited set of operating points and does not
attempt to exhaustively characterize the full accuracy–latency
frontier. Beyond the specific method, this work establishes
pure KV-state manipulation as a viable design paradigm for
portable RAG acceleration. Our results suggest that mean-
ingful efficiency gains are possible without modifying model
weights, prompt formats, or inference pipelines, providing a
practical path toward low-latency, real-time RAG systems.

We also observe that the effectiveness of positional cor-
rection varies across datasets, suggesting that task structure
and reasoning depth may influence sensitivity to positional
mismatch. A more fine-grained analysis of these factors,
along with broader exploration of hybrid approaches beyond
strict plug-and-play reuse, represents a promising direction for
future work.
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