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Abstract
Large Language Models (LLMs) are increasingly deployed in
retrieval-augmented generation (RAG) settings, where exter-
nal documents are incorporated at inference time to improve
response quality. While RAG enhances accuracy, it also in-
creases input length and serving cost, making prefill latency
and key-value (KV) cache computation major bottlenecks
in LLM serving systems. These bottlenecks arise because
the KV cache size grows with sequence length and batch
size, placing significant pressure on GPU memory, mem-
ory bandwidth, and time-to-first-token (TTFT) in interactive
workloads. In practice, many requests retrieve overlapping
document chunks, yet existing prefix caching mechanisms
can only reuse KV cache when inputs share identical token
prefixes. As a result, substantial reuse opportunity remains
unexploited due to variations in chunk ordering.
In this paper, we observe that retrieved RAG chunks are

typically semantically self-contained, making their ordering
a free optimization variable. By exploiting this property, we
reorder chunks into a consistent order across requests to
improve prefix alignment and KV reuse. Based on this insight,
we present CRAFT, a framework that restructures retrieved
chunks to better satisfy the reuse conditions of existing prefix
caching. CRAFT reorders chunks using access-frequency
statistics so that frequently shared chunks appear earlier and
more consistently across requests, and eliminates redundant
computation in multi-turn settings through conversation-
scoped chunk deduplication.We implement CRAFT on top of
vLLM and evaluate it across multiple RAG benchmarks and
models. Results show that CRAFT reduces TTFT by 1.2–1.6×
on evaluated workloads, improving latency and resource
efficiency in LLM serving, with no measurable degradation
in response quality.

1 Introduction
Large Language Models (LLMs) have demonstrated remark-
able capabilities across a broad range of real-world appli-
cations [1, 8, 38, 40, 43], but are constrained by their static
training data and finite parametric knowledge, making them
prone to factual errors, outdated information, and halluci-
nations when handling queries that demand up-to-date or
domain-specific information [18, 23]. Retrieval-Augmented
Generation (RAG)mitigates this by retrieving external knowl-
edge at inference time: documents are segmented into chunks
(typically 128–512 tokens), which are retrieved and prepended
to the input query [5, 29, 37], with each user query (a request)
retrieving a set of these chunks.
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Figure 1. Prefill latency characterization.

As LLM deployments scale, efficient serving becomes criti-
cal. RAG further amplifies this challenge by increasing input
length and prefill cost due to retrieved chunks. A key bot-
tleneck is key-value (KV) cache management, whose mem-
ory and bandwidth overhead grow linearly with sequence
length and batch size. In addition, the prefill stage domi-
nates time-to-first-token (TTFT), a key latency metric for
interactive workloads. As a result, reducing redundant KV
computation directly improves both memory efficiency and
end-to-end serving latency, making it a critical optimization
for high-throughput LLM systems. These challenges are par-
ticularly pronounced in RAG workloads, where augmented
inputs further increase sequence length and exacerbate KV
cache growth and prefill cost. Prior work [25, 47] suggests,
and our analysis confirms, that in RAG serving, retrieved
chunks often overlap across requests, yet their KV caches
are recomputed repeatedly, leading to substantial redundant
computation and memory traffic.

While modern systems mitigate this overhead using prefix
caching, reuse is only possible when inputs share identical
token prefixes. This is widely adopted in systems such as
vLLM [28] and SGLang [54]. Figure 1 illustrates the effective-
ness of prefix caching. The “w/o prefix caching” bars show
prefill latency without KV reuse, while “w/ prefix caching”
bars show prefill latency when cached KV is reused. When
requests share identical prefixes, KV reuse significantly re-
duces prefill latency compared to full recomputation.
In RAG, however, overlapping chunks can appear in dif-

ferent orders across requests, breaking prefix alignment and
preventing reuse. This mismatch between high content over-
lap and low prefix alignment represents a fundamental ineffi-
ciency in KV cache utilization. Importantly, this inefficiency
arises not from limitations in the prefix caching mechanism
itself, but from the input structure presented to it. This redun-
dancy is further amplified in multi-turn RAG settings, where
a conversation consists of multiple turns (query–response
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pairs), and each turn issues a new request that may retrieve
overlapping chunks with earlier turns. As a result, a large
fraction of reusable computation remains unexploited.
To quantify this inefficiency, we analyze chunk overlap

patterns across requests in realistic workloads. We find that,
on average, 43% of chunks retrieved by a request are also
retrieved by prior requests, yet only 11% of chunks are prefix-
aligned and reusable under standard prefix caching. This
mismatch reveals a fundamental inefficiency: the bottleneck
is not the lack of reusable content, but the inability of existing
mechanisms to exploit it due to positional misalignment.
Prior chunk-level KV reuse approaches (e.g., RAGCache [25],
CacheBlend [47]) assume fixed retriever-provided chunk
ordering and therefore cannot fully exploit this opportunity.
Crucially, this limitation stems from an overlooked de-

gree of freedom: while the ordering of retrieved chunks does
not affect generation quality, it determines whether prefix
caching can be applied. Retrieved chunks are typically se-
mantically self-contained, allowing their order to be treated
as an optimization variable without changing task seman-
tics. By reordering chunks into a consistent order across
requests, shared chunks can be aligned into common prefix
positions, enabling prefix caching to capture substantially
more reuse. Furthermore, in multi-turn RAG, we find that
retrieved chunks often recur across turns within the same
conversation, providing an additional opportunity to elimi-
nate redundant computation through simple deduplication.

Based on these insights, we present CRAFT, a framework
for RAG LLM serving systems that improves KV cache reuse
by reordering chunks into a consistent order across requests.
Rather than modifying the KV cache or attention mecha-
nism, CRAFT restructures inputs to better satisfy the reuse
conditions of existing prefix caching. It reorders retrieved
chunks using access-frequency statistics so that frequently
shared chunks appear earlier andmore consistently across re-
quests, increasing the likelihood of prefix alignment. CRAFT
then indexes reusable chunk-prefix KV using a Chunk-Prefix
Tree (CP-Tree) and, in multi-turn settings, eliminates redun-
dant computation via conversation-scoped chunk deduplica-
tion. Unlike prior chunk-level KV reuse systems (e.g., RAG-
Cache [25]), which operate on the retriever’s original chunk
ordering, CRAFT treats chunk order as an optimization vari-
able and restructures inputs to improve prefix alignment
across requests and make prefix caching and prior chunk-
level KV reuse systems applicable more often.
We evaluate CRAFT in vLLM across multiple workloads

and show that chunk reordering across requests is an effec-
tive and practical approach to improving KV cache utiliza-
tion. Overall, this paper makes the following contributions:

• We identify a key limitation of token-level prefix caching
in RAG workloads: although retrieved chunks over-
lap substantially across requests, variations in their
ordering prevent effective KV cache reuse.
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Figure 2. Overview of LLM inference, RAG workflow, and
prefix caching.

• We show that retrieved chunks are typically semanti-
cally self-contained, and that reordering them does not
affect generation quality, enabling systems to make
chunk order consistent across requests.

• We present CRAFT, a lightweight framework that im-
proves KV cache reuse by reordering chunks to in-
crease prefix alignment across requests.

• We implement CRAFT on top of vLLM and evaluate it
across multiple RAG benchmarks and models, demon-
strating up to 38% reduction in KV computation and
1.2–1.6× improvement in TTFT with no measurable
degradation in response quality.

2 Background
2.1 Basic LLM Concepts
Modern Large Language Models (LLMs) are typically based
on the Transformer architecture [42], which uses a self-
attention mechanism to process input sequences. As shown
in Figure 2(a), the model first performs a prefill stage, com-
puting and storing key (K) and value (V) vectors for all input
tokens in a key-value (KV) cache. It then enters the decode
stage, where tokens are generated iteratively using the KV
cache, with new K and V vectors appended at each step.
The KV cache grows linearly with sequence length and the
number of active requests, making it a major bottleneck in
high-throughput serving systems due to increased memory
overhead and computation latency.

2.2 Retrieval Augmented Generation (RAG)
Retrieval-Augmented Generation (RAG) enhances LLMs by
incorporating external knowledge, enabling more accurate
and up-to-date responses [5, 29, 37]. In RAG, each query
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Figure 3. Chunk overlap across requests (prefix vs total).

retrieves a small set of relevant documents, segmented into
chunks and prepended to the query as context (Figure 2(b)).
RAG follows a two-stage pipeline with CPU-side retrieval
and GPU-side generation. Offline, documents are segmented,
embedded, and indexed for similarity search. Online, a query
is encoded and used to retrieve top-𝑘 relevant chunks, typi-
cally via approximate nearest neighbor (ANN) methods [33].
We adopt a cluster-based ANN approach (e.g., IVF), where
the query first identifies nearest clusters via centroid com-
parison, followed by refined search within those clusters.
The retrieved chunks are then prepended to the query to
form the augmented prompt for generation.

2.3 Prefix Caching
To reduce KV cache latency, LLM serving systems adopt
prefix caching, which reuses KV states when input prompts
share an identical token prefix [13, 22, 28, 47]. This technique
is widely used in systems such as vLLM [28], SGLang [54],
and RAGCache [25]. The KV cache for a prefix is computed
once and reused by subsequent requests, avoiding redun-
dant computation and storage (Figure 2(c)). This is valid
because the KV cache of a prefix depends only on its tokens
and is independent of the suffix. However, prefix caching
requires strict token-level alignment: any variation in the in-
put breaks reuse, even when inputs share substantial content.
This limitation is particularly pronounced in RAG, although
different queries may retrieve overlapping chunks, variations
in their ordering and composition disrupt prefix alignment,
preventing KV reuse under standard prefix caching.
Basic Terminology. To simplify the discussion, we use
prefix to denote a contiguous sequence of tokens at the be-
ginning of an input sequence. Accordingly, a chunk-prefix
refers to an ordered sequence of chunks that appear at the
beginning of an input. We use the suffix -KV to denote the
corresponding KV cache. For example, chunk-KV denotes
the KV cache associated with a chunk.

3 Motivation
3.1 Mismatch Between Chunk Redundancy and

Prefix Caching
We observe a fundamental inefficiency in RAG workloads:
although retrieved chunks overlap substantially across re-
quests, prefix caching captures only a small fraction of po-
tential chunk-KV reuse due to positional misalignment. We

(a) Original Order

Chunk 1: Neural network

A neural network is a machine learning 

model composed of interconnected 

layers of nodes. These models are 

widely used in tasks such as …

Chunk 2: Cloud computing

(a) Permuted Order

Chunk 1: Neural network

A neural network is a machine learning 

model composed of interconnected 

layers of nodes. These models are 

widely used in tasks such as …

Chunk 2: Cloud computing

Cloud computing refers to the delivery 

of computing services over the internet, 

including storage, processing, and 

networking. It enables scalable and on-

demand access to resources…

Cloud computing refers to the delivery 

of computing services over the internet, 

including storage, processing, and 

networking. It enables scalable and on-

demand access to resources…

Figure 4. Chunk examples.

quantify this mismatch and show that it arises from a struc-
tural limitation of prefix-based reuse. We further demon-
strate that it can be addressed by reordering chunks to im-
prove prefix alignment, without sacrificing generation qual-
ity, and extend the analysis to multi-turn settings where
additional redundancy arises.

We analyze chunk overlap patterns across 𝑁 inference re-
quests, denoted by {𝑅𝑖 }𝑁𝑖=1. Note that KV cache reuse requires
not only shared chunks but also that they appear at the same
prefix positions. We define two metrics: prefix, which cap-
tures reuse under prefix caching, and total, which captures
overlap independent of position. Both metrics compare each
request with prior requests, since reuse is only possible from
earlier computations.

Formally, for each request𝑅𝑖 , we identify the best-matching
prior request among {𝑅 𝑗 | 𝑗 < 𝑖}. The prefix metric com-
putes the maximum longest common prefix (LCP) length
with any prior request:

Prefix =
1

𝑁 − 1

𝑁∑︁
𝑖=2

max𝑗<𝑖 LCP(𝑅𝑖 , 𝑅 𝑗 )
𝑘

.

The total metric counts the maximum number of shared
chunks regardless of position:

Total = 1
𝑁 − 1

𝑁∑︁
𝑖=2

max𝑗<𝑖 |𝑅𝑖 ∩ 𝑅 𝑗 |
𝑘

.

Both metrics are averaged over all requests and normalized
by the number of retrieved chunks 𝑘 .

Consider two requests as a concrete example:

𝑅1 = [𝐶1,𝐶4,𝐶5,𝐶6,𝐶7], 𝑅2 = [𝐶1,𝐶2,𝐶3,𝐶4,𝐶5] .

Their longest common prefix has length 1 (only𝐶1), so prefix-
based reuse is limited to a single chunk. Yet the two requests
share three chunks in total (𝐶1, 𝐶4, 𝐶5), representing a far
larger reuse opportunity that prefix caching cannot directly
exploit. As shown in Figure 3, this gap is substantial: on
average, only 11% of chunks are prefix-aligned, while 43%
are shared across requests. This indicates that most reuse
opportunities are not captured by existing prefix caching
due to positional misalignment.
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Figure 5. Comparing response quality under baseline chunk order and 100 random permutations (mean ± standard deviation),
showing negligible impact of chunk reordering.

Observation 1: Chunk redundancy across requests is
high, but prefix-aligned chunk-KV reuse is limited due
to positional misalignment.

Observation 1 raises a natural question: can we reorder
chunks to improve prefix alignment without affecting genera-
tion quality? We find that this is possible due to semantic per-
mutation invariance: reordering semantically self-contained
chunks has a negligible impact on generation quality. The
intuition is straightforward. As illustrated in Figure 4, each
chunk corresponds to a semantically self-contained passage,
typically spanning 128 to 512 tokens or more [25, 47]. At
this granularity, each chunk encapsulates a complete and co-
herent piece of information. When multiple such chunks are
concatenated to form the augmented prompt, the LLM pro-
cesses each chunk as an independent unit of evidence, and
the combined meaning remains largely unchanged regard-
less of their ordering. This is in contrast to arbitrary token
sequences, where word order is essential for grammatical
structure and semantic coherence.

To validate this, we measure the impact of chunk permu-
tation on generation quality across multiple models. Figure 5
compares outputs generated using the original chunk or-
der (Baseline) against 100 independent random chunk order
permutations for 20 requests from HotpotQA. The x-axis
represents the request index (i.e., 20 independent query in-
stances), while each subplot corresponds to a different LLM
(LLaMA-8B, Mistral-7B, and Qwen-7B). For each request, the
random curve shows the mean over 100 runs, with error
bars indicating the standard deviation. All generated out-
puts, including those from the baseline (i.e., original chunk
order) and the random permutations, are evaluated against
ground-truth answers from the dataset. We refer to Section 5
for full experimental details. We use BERTScore [50], which
measures semantic similarity via contextualized embeddings,
and F1 score [45], which measures token-level overlap. For
both metrics, higher values indicate better quality, and a

score of 1 corresponds to an exact match with the ground
truth. In practice, BERTScore values above 0.8 indicate a
strong match where the essential content and context are
preserved. Since we aim to validate that chunk permuta-
tion does not affect generation quality, similar mean scores
and low variance across permutations (as indicated by the
error bars) support this claim. As shown in Figure 5, the
BERTScore of outputs generated under random chunk per-
mutations closely matches that of the baseline, indicating
that chunk reordering does not affect the semantic content of
the responses. The F1 score exhibits slightly larger variation
for some requests, which is expected, as it is sensitive to ex-
act wording differences rather than meaning. In some cases,
random permutations achieve slightly higher scores than
the baseline; this reflects natural variability in generation
and differences in phrasing, rather than improvement over
the original order. Overall, both metrics remain consistent
across all orderings, confirming that chunk permutation has
a negligible impact on generation quality.

Observation 2: Chunk order has negligible impact on
generation quality when chunks are semantically self-
contained, as is typically the case in standard RAG set-
tings (e.g., 128–512 tokens per chunk).

Observations 1 and 2 together reveal that the limitation
of prefix caching is not inherent to the workload, but to the
input structure. By reordering chunks to align shared content
into common prefixes, it is possible to significantly increase
KV reuse without affecting generation quality. Returning to
our earlier example:

Request1 = [𝐶1,𝐶4,𝐶5,𝐶6,𝐶7], Request2 = [𝐶1,𝐶2,𝐶3,𝐶4,𝐶5] .

Without chunk permutation, only 𝐶1 is prefix-aligned, so
KV reuse is limited to one chunk. Since chunk permutation
does not affect generation quality, we can permute the chunk
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Figure 6. Overview of multi-turn RAG.

order of Request2 as:
Request′2 = [𝐶1,𝐶4,𝐶5,𝐶2,𝐶3],

aligning chunks 𝐶1, 𝐶4, and 𝐶5 at the shared prefix. This
triples the reusable chunk-KV, directly reducing redundant
computation without degrading output quality.

3.2 Chunk Redundancy in Multi-Turn Conversations
We extend our analysis to multi-turn conversation RAG,
where a conversation consists of multiple turns (each turn is
a query–response pair), and each turn independently per-
forms retrieval while accumulating conversation history. As
illustrated in Figure 6(a), the prompt at each turn concate-
nates the newly retrieved chunks with the full conversation
history. A key characteristic of multi-turn conversations is
that user queries within a conversation are typically topically
related, leading to repeated retrieval of similar chunks across
turns. Figure 6(b) reports this effect on two representative
multi-turn RAG datasets (MTRAG and ShareGPT), which are
the multi-turn datasets used in our evaluation (see Section 5
for details). We observe that the same chunks are frequently
retrieved across turns within a conversation: on average, 21%
of chunks retrieved in a given turn have already appeared
in earlier turns of the same conversation. These chunks are
computed during prefill despite their KV cache already being
available in previous turns, resulting in unnecessary memory
traffic and computation.
We evaluate whether removing these duplicated chunks

within a conversation degrades generation quality. Consider
a two-turn example:
Request = [𝐶1,𝐶2,𝐶3,𝐶4,𝐶5,Turn1_Query,Turn1_Response,

𝐶1,𝐶3,𝐶6,𝐶7,𝐶8,Turn2_Query] .
Removing duplicated chunks (𝐶1, 𝐶3) from the second turn:
Requestdedup = [𝐶1,𝐶2,𝐶3,𝐶4,𝐶5,Turn1_Query,

Turn1_Response,𝐶6,𝐶7,𝐶8,Turn2_Query] .
As shown in Figure 7, deduplication introduces negligible

changes in both BERTScore and F1 across all evaluated re-
quests compared to the baseline. The x-axis represents the
request index across the evaluated conversations. This is be-
cause the relevant information from duplicated chunks has
already been incorporated into the KV cache from earlier
turns, which remains accessible in the conversation con-
text. To further quantify this effect, we conduct a paired
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Figure 7. Generation quality comparison.

t-test between the baseline and the deduplicated results for
BERTScore across all requests. The test yields 𝑝 = 0.47, indi-
cating no statistically significant difference (𝑝 > 0.05) [6].

Observation 3: Inmulti-turn RAG, a significant fraction
of retrieved chunks are repeated across turns, leading
to redundant KV computation that can be eliminated
without affecting generation quality.

Takeaway. These observations reveal two complementary
sources of inefficiency in KV cache management for RAG
systems. First, prefix caching captures only a small fraction
of reuse due to positional misalignment, despite high cross-
request chunk redundancy (11% vs. 43%). Second, multi-turn
interactions introduce additional redundancy through re-
peated retrieval of the same chunks, where 21% of chunks
in a given turn have already appeared in earlier turns of the
same conversation. Together, these findings suggest that KV
reuse can be significantly improved by restructuring inputs
at the chunk level, motivating a design that aligns shared
chunks across requests and eliminates redundant computa-
tion within conversations.

4 CRAFT Design

Check 

Chunk-KV 
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Chunk 
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Conversation-
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Figure 8. CRAFT overview.

We present CRAFT, a framework for RAG LLM serving
systems that improves KV cache reuse by aligning shared
content into a consistent order across requests. As shown
in Section 3, RAG exhibits high cross-request chunk redun-
dancy, but prefix caching fails to exploit this redundancy
due to chunk positional misalignment. CRAFT addresses
this limitation by introducing a chunk-level abstraction that
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Figure 9. System overview of CRAFT for chunk-level KV cache reuse in RAG serving.

decouples KV reuse from strict token ordering. It reorganizes
retrieved chunks to increase prefix alignment and indexes
reusable chunk-prefix KV through a dedicated data structure.
The system consists of two key components: (1) a Chunk-
Access Table (CA-Table) that captures cross-request access
patterns, and (2) a Chunk-Prefix Tree (CP-Tree) that indexes
reusable chunk-prefix KV. Together, they enable a unified
request processing pipeline consisting of chunk reordering,
prefix lookup, KV reuse, and state update. CRAFT further
extends this design to multi-turn settings by eliminating
redundant chunks within conversations.

4.1 Chunk-Level KV Abstraction
CRAFT introduces a chunk-level abstraction for KV cache
management. Each retrieved passage is treated as an atomic
chunk, identified by a globally unique key (e.g., document ID
and offset). KV reuse is performed at the granularity of chunk
sequences, while token-level KV management is retained
for the remaining input. This abstraction enables efficient
tracking, matching, and reuse of chunk-KV across requests.

Chunk-Access Table. Wemaintain a Chunk-Access Table
(CA-Table) over recent requests, where each chunk is associ-
ated with an access count, as illustrated in Figure 9. After the
CPU completes retrieval for a request, the table is updated
by incrementing the access count of each retrieved chunk.
To accurately capture recent access patterns, we employ a
sliding-window mechanism. This ensures that the table re-
flects the characteristics of recent requests rather than being
dominated by outdated access history. In particular, chunks
that were frequently accessed in the past but are no longer
active will gradually lose influence as they fall outside the
window. Without this mechanism, stale access counts could

bias the reordering policy and lead to suboptimal reuse deci-
sions. We evaluate the sensitivity of the sliding-window size
in Section 6.2.4.

Chunk-Prefix Tree. We maintain a Chunk-Prefix Tree
(CP-Tree) to track reusable chunk-prefixes, as illustrated in
Figure 9. The CP-Tree is a radix-tree-like structure, where
each node represents a chunk, and each path from the root
to a node corresponds to a chunk-prefix. Each node stores
metadata associated with the prefix, including references to
KV cache entries, their storage location (e.g., GPU or CPU),
and the corresponding token span. Note that CRAFT follows
the memory management scheme of vLLM [28], where KV
cache is represented as contiguous blocks in the logical space
but stored in non-contiguous regions in physical memory.
Specifically, each chunk-KV occupies a contiguous range of
logical KV blocks. For example, as shown in the figure, chunk-
KV-9 spans a contiguous sequence of logical blocks (e.g., 𝑏90
to 𝑏102). Then, with the vLLM engine, these logical blocks
are mapped to non-contiguous physical memory locations,
allowing efficient KV reuse.

In our hierarchical design, the CPU maintains a global CP-
Tree that stores complete metadata for all reusable chunk-
prefixes, including KV locations and token spans, and is
responsible for all update operations such as prefix promo-
tion, extension, and eviction handling. Each GPU maintains
a compact local CP-Tree that maintains only the subset of
chunk-prefixes whose KV cache resides on that GPU. This is
optimized for fast lookup, enabling efficient prefix matching
without CPU involvement. When a chunk-KV is evicted or
migrated, the CPU updates the global CP-Tree and asyn-
chronously propagates updates to the affected GPU-local
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CP-Tree. This design maintains consistency while avoiding
expensive synchronization overhead.

4.2 Chunk-Prefix Management
Wenowdescribe how requests are processed using the Chunk-
Access Table (CA-Table) and Chunk-Prefix Tree (CP-Tree).

Chunk Permutation for Prefix Alignment. In RAG
workloads, the same retrieved chunks often appear in dif-
ferent positions across requests, which prevents them from
forming identical token prefixes and limits KV cache reuse
under standard prefix caching. Importantly, our goal is not
to modify or bypass prefix caching, but to increase the likeli-
hood that its reuse condition, identical prefixes, is satisfied.
Based on Observation 2, permuting chunk-level content does
not affect LLM generation quality when chunks are semanti-
cally self-contained. This allows us to restructure the input
sequence so that shared chunks appear in consistent pre-
fix positions across requests. By doing so, we preserve the
validity of prefix caching while expanding its applicability.
The key challenge is to determine an effective and consistent
ordering. An inappropriate ordering may fail to improve
prefix alignment and can even reduce reuse. Moreover, the
permutation strategy should be consistent across requests,
so that similar chunk sets are arranged in a similar prefix
order, which also simplifies system design. Therefore, the
permutation strategy should (i) capture cross-request chunk
access patterns, (ii) promote frequently accessed chunks to
appear early in the sequence, and (iii) remain lightweight for
online computation.We leverage the informationmaintained
in the CA-Table to permute retrieved chunks accordingly:

Chunksreordered = sort(C,−freq(𝑐)).
This places frequently accessed chunks earlier in the se-
quence, increasing the likelihood that shared chunks across
different requests align in the prefix. Consider two requests
with retrieved chunks {𝐶1,𝐶2,𝐶3} and {𝐶2,𝐶3,𝐶4}, without
reordering, they do not share a common prefix. Suppose the
CA-Table assigns higher access frequency to𝐶2 and𝐶3. After
reordering, both sequences become [𝐶2,𝐶3, 𝑒𝑡𝑐 .], resulting
in a shared prefix of length 2, enabling the corresponding
chunk-KV to be directly reused via prefix caching. This strat-
egy is effective because chunk access frequency reflects cross-
request reuse patterns. Frequently accessed chunks are more
likely to co-occur across requests, and consistently placing
them at the front increases prefix alignment. As a result,
we do not alter the prefix caching mechanism itself; rather,
we reshape inputs so that more requests satisfy its reuse
condition, thereby enabling more effective chunk-KV reuse.

Chunk-Prefix Lookup in CP-Tree. Given the reordered
chunk sequence, we traverse the CP-Tree to find the longest
matching chunk-prefix. The matching process starts from
the first chunk and proceeds sequentially along the tree. Each
path in the CP-Tree corresponds to a previously observed

chunk-prefix with associated KV metadata. The traversal
returns the maximum prefix length 𝑘 such that the first 𝑘
chunks match an existing path. For example, consider a re-
ordered chunk sequence [𝐶1,𝐶2,𝐶3]. Starting from the root
of the CP-Tree, we first check whether 𝐶1 exists as a child
node at the first level. If a match is found, we continue match-
ing the next chunk 𝐶2 along the same path. If both 𝐶1 and
𝐶2 are present but 𝐶3 does not exist as a child of 𝐶2, the
longest matched prefix is [𝐶1,𝐶2], and the traversal stops.
This chunk-prefix is then used for chunk-KV reuse. If 𝐶1
is not found at the first level, no prefix can be reused. If
𝐶3 later appears frequently after [𝐶1,𝐶2], it will be inserted
into the CP-Tree as a child of 𝐶2, forming a longer chunk-
prefix [𝐶1,𝐶2,𝐶3]. This extended prefix can then be reused
by future requests. Note that, based on the tree structure,
CRAFT also supports prefix slicing: if a longer chunk-prefix
is cached, shorter prefixes can be derived without additional
storage by retrieving the corresponding nodes’ KV meta-
data. For example, if the chunk-prefix [𝐶1,𝐶2,𝐶3] is stored
in the CP-Tree, then its sub-prefixes [𝐶1] and [𝐶1,𝐶2] can
also be reused. Consider a request with reordered chunks
[𝐶1,𝐶10,𝐶11]. Even if𝐶10 and𝐶11 are not frequently accessed
and do not appear in the CP-Tree, the system can still reuse
the KV cache for 𝐶1 by retrieving it from the CP-Tree. The
details of CP-Tree insertion and updates are described in a
later paragraph (i.e., Table Update and Management).

KV Reuse and Suffix Computation. If a chunk-prefix
of length 𝑘 is found, we reuse the corresponding KV cache
and only compute the remaining suffix. Each CP-Tree node
stores metadata describing the location of the KV cache asso-
ciated with the chunk. Thus, once a reusable chunk-prefix is
identified, the system can directly locate the corresponding
KV cache. If the chunk-prefix-KV resides in CPU memory, it
is transferred to the target GPU together with the request.
The GPU then reuses this KV cache and performs LLM in-
ference only on the remaining suffix. If the chunk-prefix-KV
is already resident on the target GPU, the request is sent to
that GPU, and the cached chunk-prefix-KV is directly reused.
One may notice that, in multi-GPU settings, this introduces
a scheduling challenge: ideally, requests should be routed
to GPUs that already hold the required chunk-prefix-KV to
maximize reuse and minimize data transfer overhead. How-
ever, this may lead to severe load imbalance. For example,
if many requests share a popular chunk-prefix whose KV
cache resides on a single GPU, routing all such requests to
that GPU can create a hotspot, while other GPUs remain
underutilized. This imbalance can increase queueing delay
and reduce overall system throughput. Designing an efficient
KV-aware scheduling policy is non-trivial and beyond the
scope of this work. To simplify the evaluation, for multi-
GPU scenarios, we assume a simple baseline policy: requests
are assigned in a round-robin manner, and chunk-prefix-KV
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reuse is applied only if the assigned GPU already contains
the corresponding KV cache.

Table Update and Maintenance. After processing each
request, we update both the CA-Table and the CP-Tree. For
the CA-Table, we increment the access count of each re-
trieved chunk by one. To reflect recent access patterns, we
maintain the table using a slidingwindow and remove chunks
that have not appeared in recent requests. We use a promo-
tion threshold (its sensitivity is evaluated in Section 6.2.5)
to determine when and which chunk-prefixes should be in-
serted into the CP-Tree. Specifically, if the chunks in a pre-
fix all reach the threshold, we promote this to a reusable
chunk-prefix and insert it into the CP-Tree. If a chunk-prefix
already exists in the CP-Tree and is reused by a request, we
further check whether the next chunk following this chunk-
prefix reaches the threshold. If so, we extend the existing
chunk-prefix by inserting the new chunk as a child node.
The corresponding KV metadata (e.g., location and token
span) is updated accordingly. When a KV cache is evicted or
moved, the corresponding metadata entry in the CP-Tree is
also updated or removed to maintain consistency.
Example. Assume the CA-Table contains two chunks 𝐶1 and
𝐶2 with access counts of 1, and the CP-Tree is empty. Let
the promotion threshold be 2. Consider a request [𝐶1,𝐶2,𝐶5].
Since no prefix is found in the CP-Tree, the request is directly
sent to GPU1 for execution, and the CA-Table is updated to
𝐶1 : 2, 𝐶2 : 2, and 𝐶5 : 1. As 𝐶1 and 𝐶2 both reach the
threshold and appear consecutively in this request, we insert
the prefix [𝐶1,𝐶2] into the CP-Tree, where 𝐶2 is a child of
𝐶1, and record that their KV cache resides on GPU1. Next,
consider a request [𝐶1,𝐶2,𝐶6]. The chunk-prefix [𝐶1,𝐶2]
is found and reused, so only the KV cache for 𝐶6 will be
computed. The CA-Table is updated to 𝐶1 : 3, 𝐶2 : 3, and
𝐶6 : 1, and the CP-Tree remains unchanged since 𝐶6 does
not reach the threshold. If a request with the same chunks
appears again, [𝐶1,𝐶2,𝐶6] is reused once more, and now 𝐶6
reaches the threshold. We then extend the CP-Tree by insert-
ing𝐶6 as a child of𝐶2, forming the chunk-prefix [𝐶1,𝐶2,𝐶6]
with updated KV metadata. Finally, suppose the KV cache
for [𝐶1,𝐶2] is evicted from GPU1 to CPU memory. The cor-
responding CP-Tree entries are updated to reflect the new
location. If the KV cache is removed entirely, the associated
nodes or metadata entries are also removed.

4.3 Multi-Turn Conversation Optimization
In multi-turn RAG, chunks are often retrieved repeatedly
across turns within the same conversation (Observation 3).
This redundancy leads to repeated KV computation for the
same chunks, even though their content has already been pro-
cessed in earlier turns. Moreover, Observation 3 shows that
removing these duplicated chunks within the same conver-
sation does not affect generation quality. Therefore, to elim-
inate this redundancy, we propose a conversation-scoped

Turn 1 C1 C2  C3  Q1                                    A1

Turn 2 C1 C2  C3  Q1  A1 C7  C2  C9  Q2    A2 

Chunk Question Answer

all new

Deduplicate repeated C2

ChunkMap 

(conv1)

[ C1 C2 C3]

[ C1 C2 C3 C7 C9]

No replicated chunks

Figure 10. Conversation-scoped chunk deduplication.

chunk deduplication as shown in Figure 10. We maintain a
per-conversation chunk set:

ChunkMap : conv_id → {chunk_id}.
At each turn, after retrieval, we check whether a chunk has
already appeared in previous turns of the same conversation.
If so, we remove this chunk from the current request to avoid
redundant KV computation and data transfer. Only newly
retrieved chunks are processed. For example, consider a con-
versation where the first turn retrieves [𝐶1,𝐶2,𝐶3], and the
second turn retrieves [𝐶2,𝐶3,𝐶4]. Without this optimization,
𝐶2 and𝐶3 would be recomputed in the second turn. With the
per-conversation chunk set, we detect that 𝐶2 and 𝐶3 have
already been processed, and only compute𝐶4, reducing both
latency and resource usage.

Onemay be concerned that, as the conversation grows and
exceeds the model’s context length, earlier turns with chunks
will be truncated, which may affect the generation quality
of later responses. However, this does not impact generation
quality in our setting. The information from earlier chunks
has already been incorporated into the generated responses
of previous turns. Therefore, removing earlier turns, even if
their chunks are reused in later turns, does not lead to infor-
mation loss for subsequent responses. For example, consider
a conversation where turn 1 retrieves chunks [𝐶1,𝐶2,𝐶3],
and turn 5 retrieves [𝐶2,𝐶3,𝐶5]. Under our design, dupli-
cated chunks [𝐶2,𝐶3] are removed, and turn 5 processes
only [𝐶5]. At a later turn (e.g., turn 9), the input includes a
sequence: 𝐶1,𝐶2,𝐶3,Turn1_𝑄𝑢𝑒𝑟𝑦,Turn1_𝑅𝑒𝑠𝑝𝑜𝑛𝑠𝑒, . . . ,𝐶5,
Turn5_𝑄𝑢𝑒𝑟𝑦,Turn5_𝑅𝑒𝑠𝑝𝑜𝑛𝑠𝑒, . . . ,𝐶7,𝐶8,𝐶9,Turn9_𝑄𝑢𝑒𝑟𝑦.
When the input exceeds the model’s context length, the ear-
liest portion (e.g., 𝐶1,𝐶2,𝐶3,𝑇𝑢𝑟𝑛1_𝑄𝑢𝑒𝑟𝑦,𝑇𝑢𝑟𝑛1_𝑅𝑒𝑠𝑝𝑜𝑛𝑠𝑒)
may be truncated. However, when generating Turn5_𝑅𝑒𝑠𝑝𝑜𝑛𝑠𝑒 ,
the model has already consumed the chunks [𝐶2,𝐶3,𝐶5], so
the relevant information is incorporated into Turn5_𝑅𝑒𝑠𝑝𝑜𝑛𝑠𝑒 .
As a result, even if earlier chunks are later truncated, their
information is preserved in intermediate responses such as
Turn5_𝑅𝑒𝑠𝑝𝑜𝑛𝑠𝑒 , which remain in the context. Therefore, the
generation of Turn9_𝑅𝑒𝑠𝑝𝑜𝑛𝑠𝑒 is not affected.
Note that this multi-turn optimization is orthogonal to

cross-request chunk-prefix reuse. While the CP-Tree enables
reuse across different requests, the per-conversation chunk
set eliminates redundancy within the same conversation,
further improving overall efficiency.
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5 Methodology
Hardware andModels.We evaluate on a CPU–GPU hybrid
server, where vector search is executed on an Intel Xeon w9-
3595X CPU, and LLM generation is performed on an NVIDIA
A6000 GPU with 48GB of memory. We consider three open-
source LLMs of varying scales: LLaMA-3-8B [14], Mistral-
7B [24], and Qwen2.5-7B [4, 19]. Our system is implemented
on top of vLLM [28].
Corpus and Index. We use a Wikipedia passage corpus [7,
21] as the primary retrieval source, containing ∼38M pas-
sages with knowledge up to 2022. Each passage corresponds
to a paragraph-level segment and is paired with its originat-
ing article title. Following prior dense retrieval pipelines, we
construct the input by concatenating the title and passage
text. We encode each passage using Contriever [9] to ob-
tain dense embeddings. The embeddings are indexed using
FAISS [10] with an IVF4096 index and 𝑛nprobe set to 128. At
query time, we retrieve the top-𝑘 = 5 passages.
Datasets.Weevaluate on four open-domainQuestion-Answer
(QA) benchmarks, and for multi-turn conversation, we use
ShareGPT and MTRAG:

• HotpotQA [46]: A QA dataset requiring reasoning
over multiple supporting documents.

• 2WikiMultiHopQA [16]: A QA dataset designed to
test cross-document reasoning over Wikipedia.

• SQuAD [36]: A QA reading comprehension bench-
mark based on Wikipedia passages.

• TriviaQA [26]: A large-scale factoid QA dataset with
evidence from Wikipedia and the web.

• ShareGPT [39]: A dataset of real-world multi-turn
conversations between users and AI assistants, de-
signed to evaluate context retention and coherence
across dialogue turns. The dataset contains over 90,000
requests, we sample 10,000 requests for evaluation.

• MTRAG [20, 27]: A multi-turn retrieval-augmented
generation benchmark that assesses a system’s ability
to retrieve and integrate relevant information across
successive conversational turns.

Baselines.We compare against two baselines: (1) w/o prefix
caching concatenates the retrieved chunks and feeds them
directly to the LLM, recomputing all KV cache from scratch
during prefill; (2) w/ prefix caching adopts prefix-based KV
reuse for shared prompt prefixes across requests and repre-
sents the widely deployed reuse mechanism in production
LLM serving systems (e.g., vLLM [28]).
We use prefix caching as the primary baseline because

CRAFT improves the effectiveness of prefix-based KV reuse
by restructuring inputs to increase prefix alignment. This
allows us to isolate the impact of input-level optimization
on reuse. Prior systems such as RAGCache [25] incorporate
multiple orthogonal optimizations, including hierarchical
KV caching, request scheduling, and speculative pipelining.
In contrast, our work targets the input structure itself and
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Figure 11. CRAFT reduces TTFT by 1.2–1.6× compared to
full w/o prefix caching with no degradation in generation
quality across six datasets and three models.

is complementary to such system-level techniques; CRAFT
can be applied on top of RAGCache to further improve reuse
by increasing prefix alignment across requests.

For fair comparison, all configurations use the same model
parameters and batch size. CRAFT uses a sliding window size
of 1,000 requests for the CA-Table and a default promotion
threshold of 2. Sensitivity analyses for these two parameters
are presented in Section 6.2.4 and Section 6.2.5.

6 Evaluation
6.1 Overall Performance
As shown in Figure 11, we evaluate average quality (BERTScore)
and TTFT against baseline methods under a consistent setup
across different datasets and models (Section 5), where each
request retrieves the top-5 chunks. All results are normalized
to w/o prefix caching. One can observe that compared to
the w/o prefix caching and w/ prefix caching, CRAFT signif-
icantly reduces the TTFT by 1.2–1.6× with no degradation
in generation quality. This improvement comes from reduc-
ing redundant chunk-KV computation through CRAFT. As
shown in Figure 12, CRAFT eliminates 19%–38% of KV cache
computation during the prefill stage on average. In this fig-
ure, the general bars represent the reduction in chunk-KV
computation achieved by the main permutation mechanism,
while the conversation-scoped bars correspond to the reduc-
tion from conversation-scoped chunk deduplication. Note
that, for multi-turn conversation datasets, the contribution
from the general mechanism is relatively small. This is due
to the structure of multi-turn conversation inputs. In the
first turn, retrieved chunks can be freely reordered to align
with previously cached prefixes, enabling effective chunk-
KV reuse. However, once the first turn is fixed, its chunks
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Figure 12. Reduction in KV cache computation.

and corresponding KV cache become part of the history for
subsequent turns. In later turns, reordering newly retrieved
chunks to the front in order to maximize reuse would re-
quire recomputing the KV cache of the existing conversation
history, which is already available and should ideally be
reused as-is. For example, after processing a first turn with
prefix𝐶1,𝐶2,𝐶3,𝑇𝑢𝑟𝑛1_𝑄,𝑇𝑢𝑟𝑛1_𝐴, the second turn may re-
trieve 𝐶4,𝐶5,𝐶6,𝑇𝑢𝑟𝑛2_𝑄 . Even a chunk-prefix KV exists
for 𝐶4,𝐶5,𝐶6, moving them ahead of the existing prefix (i.e.,
forming 𝐶4,𝐶5,𝐶6,𝐶1,𝐶2,𝐶3, . . . ) would require recomput-
ing the KV cache for 𝐶1,𝐶2,𝐶3, which is unnecessary and
counterproductive.
Overhead. CRAFT introduces modest overhead from CPU-
side metadata management. The CA-Table maintains a slid-
ing window over recent requests, and its size is bounded by
the number of unique chunks within the window (e.g., on the
order of a few thousand entries in our setting), where each
entry stores only a chunk identifier and a small counter, re-
sulting in a compact footprint of less than 1MB in our evalu-
ations. Chunk reordering operates on a small set of retrieved
chunks (typically 𝑘≤10), resulting in negligible sorting cost.
The CP-Tree stores only promoted chunk-prefixes, which
effectively limits its growth; each node contains lightweight
metadata (e.g., chunk id, KV location, and token span), mak-
ing its memory footprint small compared to the KV cache
(e.g., tens of MB in our evaluations). Both CA-Table updates
and CP-Tree lookups involve simple hash or pointer-based
operations over a short sequence, leading to low and stable
access latency. Overall, these overheads remain small relative
to the performance gains from chunk-KV reuse.

6.2 Sensitivity Analyses
6.2.1 Request rate. As shown in Figure 13(a), we com-
pare CRAFT with w/o prefix caching and w/ prefix caching
under different request rates. As the request rate increases,
TTFT rises across all three methods due to higher queuing
contention. We observe that CRAFT consistently achieves
lower TTFT while maintaining higher throughput.

6.2.2 Batch size. Figure 13(b) shows the TTFT under vary-
ing batch sizes. We observe that CRAFT consistently outper-
forms both w/o prefix caching and w/ prefix caching across
different batch sizes. Note that, as the batch size increases,
the decoding phase benefits more from parallelism and im-
proves faster, while the prefill phase becomes the dominant
component of the latency. As a result, optimizations that
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Figure 13. Performance under varying configurations.

reduce prefill computation become increasingly important
at larger batch sizes. Since CRAFT reduces redundant prefill
stage computation through chunk-KV reuse, its advantage
becomes more pronounced as the batch size grows.

6.2.3 Chunk number. Figure 13(c) presents the impact of
varying the number of retrieved chunks. As the number of
chunks increases, the TTFT of all methods increases with in-
put length. However, CRAFT maintains a consistently lower
TTFT than both baselines across all batch sizes.
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Figure 14. Sliding window size for CA-Table in CRAFT.

6.2.4 Slidingwindow size forCA-Table. Figure 14 shows
the impact of different sliding window sizes for the CA-Table.
As the window size increases, the CA-Table records chunk
access counts over more past requests, which increases the
table size. We observe that a moderate window size (i.e.,
1,000) achieves a good balance between performance and
table size. When the window size is too small, the access
counts are computed from only a few recent requests, so
they fluctuate frequently and do not reliably reflect which
chunks are repeatedly accessed, leading to suboptimal chunk
ordering. When the window size becomes very large (or un-
limited), the table includesmany chunks that were frequently
accessed in the past but no longer appear in recent requests.
These outdated counts bias the ordering decision and reduce
prefix alignment, resulting in higher TTFT and increased
metadata overhead. This shows that limiting the window
size is necessary to keep the access counts both representa-
tive of current workloads and effective for chunk reordering,
while also controlling the table size.

6.2.5 Promotion threshold forCP-Tree. Figure 15 shows
the impact of different promotion thresholds for CP-Tree
construction. We observe that a smaller threshold (e.g., 2)
consistently achieves the best performance across datasets.
With a small threshold, chunk prefixes are promoted earlier,
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Figure 15. Promotion threshold for CP-Tree in CRAFT.

allowing the system to capture reuse opportunities quickly
and increase the likelihood of prefix matching. As the thresh-
old increases (e.g., 3 or 5), prefix promotion becomes more
conservative, delaying insertion into the CP-Tree and reduc-
ing reuse opportunities, which leads to higher TTFT. These
results indicate that aggressively promoting chunk-prefixes
is beneficial for maximizing chunk-KV reuse.

6.3 Synergy with CacheBlend
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Figure 16. CacheBlend and CacheBlend with CRAFT.

Figure 16 compares the TTFT of CacheBlend [47] with the
combined approach (CacheBlend + CRAFT). We observe that
integrating CRAFT with CacheBlend further reduces TTFT
by 1.29× beyond using CacheBlend alone. This improvement
arises because the two methods are orthogonal and optimize
different aspects of chunk-level KV reuse. CacheBlend reuses
chunk KV by selectively recomputing a small fraction of
the token KV cache within each chunk. In contrast, CRAFT
increases the likelihood that shared chunks are aligned in
the prefix through reordering, enabling their chunk-KV to
be directly reused without such recomputation. As a result,
their benefits complement each other naturally, combining
them allows more KV cache to be reused directly, leading to
further TTFT improvement.

7 Related Work
KV cache optimizations. The KV cache stores key and
value tensors computed during the prefill phase for reuse
in subsequent autoregressive decoding steps, avoiding re-
dundant computation. However, its computation overhead
and memory footprint grow linearly with sequence length
and batch size, creating a major bottleneck for long-context
and high-throughput inference. A broad body of prior work
optimized the KV cache efficiency across multiple granu-
larities. At the token level, methods such as H2O [52] and
SnapKV [30] evict less-attended tokens, while quantization

approaches like KIVI [32] and KVQuant [17] compress acti-
vations to fewer bits. Other techniques exploit redundancy
via low-rank decomposition and merging. At the system
level, prefix caching enables cross-request KV reuse when
inputs share identical prefixes [28, 54]. Moreover, the fol-
lowing two approaches specifically optimize KV reuse for
RAG workloads. CacheBlend [47] enables partial KV reuse
by recomputing a small fraction of tokens within a chunk
when prefixes are not fully aligned. RAGCache [25] orga-
nizes chunk-level KV cache in a radix-tree structure across
GPU and host memory, and incorporates scheduling and
replacement policies to overlap retrieval and inference. How-
ever, both approaches assume a fixed chunk order and can
only reuse KV when identical chunk sequences appear in
the same prefix positions, leaving substantial reuse oppor-
tunities untapped when shared chunks appear in different
positions across requests.
General-purpose LLM inference systems.A large body of
work improves LLM serving efficiency through better batch-
ing, scheduling, and memory management [11, 15, 31, 41, 44,
48, 51, 53]. Orca [49] introduces iteration-level continuous
batching to improve GPU utilization, while vLLM [28] im-
proves memory efficiency with PagedAttention for KV cache
management. Sarathi [2] proposes chunked prefill to balance
TTFT and decode latency. Recent systems [12, 34, 35, 55]
further explore memory and scheduling efficiency, including
disaggregated LLM serving architectures that separate pre-
fill and decode stages across heterogeneous resources, and
fine-grained scheduling policies that improve GPU utiliza-
tion under high concurrency. Production systems such as
TensorRT-LLM and DeepSpeed-Inference [3] provide highly
optimized kernels and parallelism support. CRAFT is com-
plementary to these systems by enabling more effective KV
cache reuse.

8 Conclusion
This paper proposes CRAFT, a framework for RAG LLM
serving systems that improves KV cache reuse by reordering
chunks into a consistent order across requests. We showed
that existing prefix caching exposes only a small fraction
of available reuse (11%) despite substantial cross-request
chunk overlap (43%), due to positional misalignment. To
address this limitation, CRAFT reorganizes inputs through
frequency-guided chunk reordering, placing shared chunks
in a consistent order across requests to improve prefix align-
ment and KV reuse. In addition, CRAFT eliminates redun-
dant computation in multi-turn settings, where up to 21% of
retrieved chunks repeat across turns, through conversation-
scoped deduplication. Our results demonstrate that CRAFT
improves TTFT by 1.2–1.6× while preserving response qual-
ity, showing that restructuring input layout is an effective
and practical approach for improving KV cache utilization
in high-throughput LLM serving systems.
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