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Modern large language model (LLM) systems widely employ prefix caching to enable key-value (KV) cache
reuse across different queries to minimize inference costs. At the heart of prefix caching is the replacement
algorithm, which is crucial for managing limited cache space across the GPU-CPU memory hierarchy. However,
the prevalent least-recently-used (LRU) algorithm is not prefix-aware or tier-aware, and remains far from
optimal. In this paper, we present Buoy, a novel and general cache replacement policy for prefix caching. Buoy
achieves quick demotion and considers prefix-matched access characteristics to improve cache efficiency (hit
rate). Meanwhile, Buoy enables effective cache tiering to reduce access latency upon cache hits. We evaluate
Buoy on real-world traces, and the experimental results demonstrate its superiority in improving hit rates and
prefill throughput over state-of-the-art algorithms. Compared to LRU, Buoy achieves 6-93% higher cache hit
rates and increases LLM prefill throughput by 8-16%.

CCS Concepts: « Information systems — Information storage systems; - Computer systems organiza-
tion;

Additional Key Words and Phrases: Large Language Models, Prefix Caching, Cache Replacement

ACM Reference Format:

Liang Wang, Ranjun Jia, Kai Wang, Kai Lu, and Jiguang Wan. 2026. Buoy: Efficient and Effective Cache
Replacement for Prefix Caching. Proc. ACM Manag. Data 4, 4 (SIGMOD), Article 263 (September 2026),
27 pages. https://doi.org/10.1145/3837101

1 Introduction

Large language models (LLMs) are ubiquitous in modern AI services, such as conversational
assistants [10, 38, 54] and retrieval-augmented generation (RAG) systems [13, 16, 24]. A major
performance bottleneck in LLM inference lies in the prefill stage, where the model processes
the input prompt and constructs key-value (KV) caches for subsequent token generation. The
KV caches computed for one prompt can be reused by other prompts that share the same prefix,
eliminating the need for redundant computation.

Realizing the significant reuse potential of prefix KV caches, recent LLM serving systems [20, 60]
aggressively retain active prefix KV caches across GPU memory (HBM) and CPU memory (DRAM)
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to enable cache reuse across different queries. However, the capacity of GPU and CPU memory
remains insufficient for storing all prefix KV caches over time [27]. Thus, cache replacement
becomes essential for determining which prefix KV caches to retain and which to evict under
limited memory budgets. The classic least-recently-used (LRU) is one of the most prevalent cache
replacement policies and has been widely adopted. In LLM serving systems, prefix KV caches are
typically managed at chunk granularity [20, 27, 38, 45], and LRU evicts chunks based on their access
recency, prioritizing the most recently accessed ones for retention.

Prefix KV caching raises new challenges for cache replacement. For prefix caching, a cache
should be (1) efficient, maximizing the hit rate to avoid redundant recomputation; and (2) effective,
minimizing the LLM prefill latency. However, traditional cache replacement policies are not designed
to meet the requirements of prefix caching:

o Efficiency. Prefix KV cache accesses are not independent, unlike accesses to objects, in-memory
key-value pairs, or blocks. Accessing a prefix KV chunk requires first accessing all of its ancestor
prefixes. Traditional cache replacement policies do not account for such prefix-matched access
characteristics and miss this opportunity to further improve cache efficiency.

o Effectiveness. In traditional caching systems, cache efficiency and effectiveness are closely aligned,
as a high hit rate allows most requests to be served by the cache with short latencies. However,
due to the relatively large size of KV caches in hierarchical caching, efficiency and effectiveness
are no longer fully aligned. A cache hit in DRAM can still introduce additional data transfer
delay, which lies on the critical path of LLM prefilling.

Meanwhile, some design principles from traditional cache replacement remain applicable to
prefix KV caching. In particular, prior work [38, 45] reveals that prefix KV cache hits exhibit highly
skewed reuse patterns, driven by two factors. First, a small fraction of users account for the majority
of requests over a period of time, and since prefix KV cache hits primarily occur across queries from
the same user, this imbalance naturally leads to skewed cache reuse. Second, even with a balanced
request distribution across users, individual users tend to issue similar queries with overlapping
prefixes in their prompts or contexts. Quick demotion [50, 51, 57] is a key idea for improving
cache efficiency under skewed workloads, as it rapidly evicts unpopular prefixes to make space for
prefixes with strong reuse potential.

Motivated by these observations, we rethink cache replacement from the perspective of prefix
caching. First, we analyze the prefix-matched access characteristics of prefix KV caches and show
how prefix-aware cache replacement can better preserve shared prefixes. Second, we demonstrate
quick demotion as a key mechanism for improving cache efficiency under skewed prefix reuse.
Third, we reveal that achieving high cache hit rates does not necessarily maximize cache hits in
HBM, and can instead introduce non-trivial KV cache transfer overhead along the critical path of
LLM prefilling.

Guided by these insights, we design Buoy, an efficient and effective cache replacement algorithm
for prefix KV caching. Buoy incorporates quick demotion as a core replacement idea to filter out
most prefixes after they are inserted, reserving cache space for popular prefixes. To this end, newly
generated KV caches are first placed in the DRAM queue and are promptly evicted if not reused;
lightweight second-chance reuse feedback also accelerates the removal of unpopular prefixes,
reducing cache pollution under skewed workloads. Buoy further incorporates depth-aware cache
admission to control which prefixes are allowed to enter the cache hierarchy. By leveraging prefix
depth and reuse signals, this mechanism selectively admits prefix chunks with high reuse potential
and prevents deep, low-value prefixes from occupying cache space. In addition, Buoy retains
recently evicted prefixes in a lightweight ghost cache, enabling efficient reuse validation when
prefixes are requested again. Finally, Buoy explicitly aligns cache replacement with hierarchical
cache effectiveness by biasing cache hits toward HBM, increasing the fraction of cache hits served
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directly from HBM and thereby reducing host-to-GPU transfer overhead and improving LLM prefill
performance.

We evaluate Buoy through a comprehensive experimental study. Our evaluation covers two
representative models (Llama-8B and Mistral-24B) on GPU servers with hierarchical HBM-DRAM
memory using large-scale real-world request traces. We compare Buoy against both traditional
cache replacement policies and recent cache replacement studies for prefix caching [17, 25, 45],
and report key metrics including cache hit rate, prefill throughput, and time-to-first-token (TTFT).
We first quantify cache efficiency with a prefix KV cache simulator, analyzing hit-rate breakdowns
across HBM and DRAM and demonstrating Buoy ’s advantage in overall hit rate as well as its
ability to concentrate hits in HBM. We then measure LLM serving performance with different
cache replacement policies, showing that Buoy delivers the highest prefill throughput and the
lowest TTFT across models and traces. We further analyze the robustness of Buoy along multiple
dimensions, including temporal behavior, chunk granularity, and cache size. In addition, we extend
the cache hierarchy to include SSD in order to study three-tier cache settings with external storage
and their impact on prefix caching performance. Finally, we conduct ablation studies to isolate the
impact of key design choices in Buoy.

Overall, our contributions can be summarized as follows:

o We identify key insights about cache replacement for prefix caching by revealing prefix-
matched access characteristics, the efficiency benefits of quick demotion, and the gap between
cache efficiency and LLM prefill performance in hierarchical caches (§3).

e We design Buoy for efficient and effective cache replacement by enabling quick demotion and
depth-aware cache admission while reducing host-to-GPU KV cache transfers on cache hits (§4).

o We evaluate Buoy on real-world traces, demonstrating that it achieves higher cache efficiency
and LLM prefill throughput than state-of-the-art algorithms (§5).

2 Background
2.1 LLM Inference and Prefix KV Caching

We first introduce the standard LLM inference process and the role of KV caching for efficient LLM
serving.

Prefilling and decoding. LLM inference typically consists of two stages: prefill (prompt com-
putation) and decode (token generation) [6, 16, 61]. During the prefill stage, the LLM consumes
the input prompt, processing it through all LLM transformer layers to produce the first output
token. The subsequent decode stage iteratively generates one new token per step by forwarding
the current sequence (including the prompt and previously generated tokens) through the LLM,
repeating this procedure until the output sequence is completed.

KV caches. To accelerate the decoding stage, key-value (KV) caches are widely adopted in LLM
inference. In transformer-based LLMs, each token processed by the self-attention layers generates
the corresponding key and value representations. During the prefill phase, the key and value
tensors for all input tokens are computed and cached on the GPU. In the decoding stage, instead of
recomputing the attention for the entire token sequence at every step, the model reuses the cached
KV tensors from previous tokens. This caching mechanism allows the model to efficiently attend
to the entire sequence history, improving decoding throughput.

Prefix caching. Besides reusing KV caches across prefill and decode stages of a single request,
the KV caches can also be reused across different requests if they have the same token prefix.
When multiple requests share a common prefix in their input sequences, the corresponding KV
caches generated for this shared prefix remain valid for all such requests. Hence, current LLM
serving systems [20, 60] will retain the KV caches of completed requests, instead of releasing them
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Fig. 1. An illustration of prefix caching. Prefix tree nodes store metadata and point to KV cache chunks,
which hold the actual KV tensors in HBM or DRAM. Each chunk corresponds to a fixed number of tokens.
Prefix nodes can be logically viewed as being organized into queues ordered by eviction preference for cache
replacement.

immediately. This approach allows requests with overlapping prefixes to benefit from the cached
KV tensors, reducing redundant prefill computation.

2.2 Rise of Hierarchical Prefix Caching

Reusing prefix KV caches reduces LLM inference costs, but storing KV caches incurs a substantial
memory overhead. For example, with float16 precision, the KV cache footprint per token is approxi-
mately 0.125 MB for Llama-8B [42] and 0.156 MB for Mistral-24B [3]. Consequently, a 16 GB HBM
can store about 131k tokens of KV cache for Llama-8B, while a 32 GB HBM can accommodate
around 210k tokens for Mistral-24B. In practical deployments, such capacity for cache reuse across
different requests is quickly exhausted. In a wide range of practical scenarios, user inputs commonly
exceed 1k tokens on average, as prompts often include accumulated dialog history or retrieved
documents [17, 37, 55, 56].

Existing LLM systems primarily cache prefix KV caches across HBM and DRAM to extend cache
capacity beyond GPU HBM, as illustrated in Figure 1. The prefix lookup structure identifies the
matched prefix chunk nodes, while the underlying replacement queues decide their promotion
and demotion. However, even with DRAM as an additional cache tier, the overall cache capacity
remains limited, and accessing KV caches from DRAM incurs non-trivial transfer latency. Despite
these constraints, hierarchical prefix caching has proven effective for LLM inference due to two
key factors. First, prefix KV cache access patterns in LLM inference are highly skewed. Second,
retrieving KV caches from DRAM is still faster than recomputing the corresponding KV states
during prefill.

Skewed access pattern of prefix KV caches. To characterize the access locality of prefix KV
caches in practice, we analyze two representative LLM serving workloads: conversation and
retrieval-augmented generation (RAG). In conversational workloads, prefix KV caches are naturally
reused across multiple turns within the same session. In each conversation turn, a user inputs a
new question or command g; and awaits the response a; from the LLM. To maintain contextual
coherence, the LLM generates the next response an.; based on both the historical tokens from
all previous turns d|;.5] and the input tokens of the current turn, forming the context sequence
q1819202...gNANGN+1- Assuming that each turn corresponds to a single inference request and that
every turn except the first fully leverages all previous conversational history, for a multi-turn
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Fig. 2. (a) CDF of the number of conversation turns in LMSYS-Chat-1M and WildChat-1M datasets. (b) CDF
of retrieved documents in the HotpotQA dataset.
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Fig. 3. Impact of hierarchical prefix KV caching on TTFT. (a) Comparison between full prefill TTFT and TTFT
with the full prefix KV cache reused from CPU DRAM. (b) TTFT with prefix caching when 80% of prefix KV
caches are reused from either HBM or CPU DRAM.

conversation with an average of n turns, the theoretical reuse probability of KV caches can be
approximated by ”T_l Based on our analysis of two real conversation datasets, LMSYS-Chat-1M [59]
and WildChat-1M [58], we observe that more than 30% and 40% of conversations are multi-turn,
respectively, as shown in Figure 2(a), with average turns exceeding two in both datasets. Similarly,
RAG workloads exhibit skewed retrieval locality. We analyze the document retrieval pattern of
the HotpotQA dataset [52] to quantify this skewness. Specifically, we first convert all Wikipedia
documents in HotpotQA into vector representations using the text-embedding-3-small model [33],
and then perform retrieval for each query to identify the top-1 most relevant document. Figure 2(b)
plots the cumulative distribution function (CDF) of accessed documents across all queries. The
result demonstrates a strong retrieval skew: a small subset of documents is frequently retrieved
by many queries, while the majority of documents are rarely accessed. For instance, the top 10%
of documents are referenced by approximately 40% of all requests. Such skewness suggests that
caching frequently accessed prefixes (retrieved contexts) can significantly reduce redundant prefill
computation overhead.

Disparity between prefill computation and cache reuse latency. KV cache reuse is generally
faster than prefill computation [6, 10, 38, 54]. Figure 3(a) compares the TTFT of full prefill with the
TTFT when the full prefix KV cache is reused from CPU DRAM and transferred to GPU HBM for
varying context lengths. Experiments are conducted with vLLM [44] and the Llama-8B model [42]
at batch size 1 on an NVIDIA A100-40GB GPU connected via PCle 4.0, which provides a theoretical
peak bandwidth of 32 GB/s. Although effective PCle transfer throughput in practice can be lower due
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Fig. 4. Example of LRU and prefix-aware eviction for a relative cache size of 6 in prefix caching, where green
nodes denote prefixes newly inserted after a cache miss.

to DMA overhead and transfer granularity, reusing KV caches from DRAM still incurs much lower
TTFT than recomputing the same prefix through full prefill. Furthermore, we evaluate scenarios
where 80% of KV caches are reused for a request, and the remaining 20% are newly computed
during prefill computation. As shown in Figure 3(b), the overall TTFT varies depending on whether
the reused caches are placed in HBM or DRAM. HBM-resident cache hits consistently achieve
lower TTFT than DRAM-resident cache hits because they avoid CPU-to-GPU KV transfer. These
results highlight that KV cache reuse significantly improves end-to-end inference performance,
and the placement of reused caches across memory tiers also impacts prefill latency.

3 Rethinking Cache Replacement for Prefix Caching
3.1 Prefix-matched Access Characteristics

Prefix caching fundamentally differs from traditional object caching due to its prefix-matched
access characteristics. In prefix caching, a cache entry corresponds to a prefix of a request sequence
at the chunk granularity, and cache hits occur when multiple requests share common prefixes.
As a result, cache accesses are not independent object references, but are strongly constrained by
the prefix lookup process: accessing a deeper prefix chunk necessarily implies accessing all of its
ancestor prefix chunks.

Notably, prefix lookup structures and cache replacement policies address orthogonal aspects
of prefix caching. For instance, vLLM [20] uses hash-based mechanisms to identify prefix cache
blocks based on token IDs and prefix hashes, while SGLang [60] employs a radix tree to track
shared prefixes. These lookup structures optimize the cache lookup process, i.e., how quickly
matched prefix chunks can be identified. In contrast, cache replacement policies determine which
prefix chunks are retained under limited cache capacity, thereby affecting cache hit rates and the
distribution of hits across memory tiers. In practice, despite using different lookup structures, many
existing prefix cache management systems still rely on LRU-based replacement [20, 27, 38, 60].

Several recent works have explored prefix-aware replacement policies, such as PGDSF [17]. We
use a simple example to illustrate the differences between LRU and prefix-aware replacement. As
illustrated in Figure 4, consider a prefix KV cache that can hold the KV caches for up to six chunks.
Assume that the first three requests contain the chunk sequences (A, B, C), (A, B, D), and (A, E, F).
After serving these requests, the cache becomes full and the chunks form a prefix tree. When a
new chunk sequence (G, H, I) is inserted into the cache, eviction is triggered. Under the LRU policy,
the least recently used chunks C, D, and B are evicted to make space for the new chunks G, H, and
L. In contrast, the prefix-aware policy tends to evict leaf nodes in the prefix tree, evicting chunks
C, D, and F in this example. As a result, compared to LRU, prefix-aware replacement can better
preserve shared prefixes.
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Fig. 5. Overall and per-tier (HBM and DRAM) hit rate comparison among three cache policies.

However, existing prefix-aware cache replacement policies incorporate prefix-related information
into eviction priority computation, much like traditional cache replacement policies encode recency,
frequency, and other access information into a unified eviction priority. From this perspective,
prefix-aware methods can be viewed as extending priority-based replacement with an additional
dimension, where cache efficiency largely depends on how well the priority function adapts to the
underlying workload. In contrast, for prefix caching, other cache optimization mechanisms, such as
cache admission, remain underexplored. Such mechanisms play a critical role in improving cache
efficiency, yet existing methods do not leverage prefix information through these mechanisms. This
gap motivates us to extend prefix awareness beyond eviction priority.

3.2 Efficiency Benefits of Quick Demotion

As mentioned in §2.2, the access distribution of KV caches is highly skewed. Recent studies [50,
51, 57] suggest that quick demotion is an important property of cache replacement policies for
improving cache efficiency under skewed workloads. The key intuition behind quick demotion is
to remove most objects quickly after they are inserted to prevent useless objects from occupying
excessive cache space, reducing cache pollution. A common way to achieve quick demotion is
through segmented cache replacement: dividing the cache into a probationary segment and a
protected segment. New objects are first inserted into the probationary segment. If they become
hot, they are promoted to the protected segment; otherwise, they are promptly evicted.

S3-FIFO [51] and SLRU [19] are two representative segmented cache replacement policies that can
easily fit hierarchical prefix caching. Specifically, in S3-FIFO, HBM can be used as the probationary
segment while DRAM serves as the protected segment, whereas in SLRU, DRAM is used as the
probationary segment and HBM acts as the protected segment. To demonstrate the efficiency
benefits of quick demotion, we evaluate S3-FIFO and SLRU across different traces and cache
configurations, and measure their average cache hit-rate improvements over LRU. Figure 5(a) shows
that S3-FIFO achieves an average hit-rate improvement of 1.06x over LRU, while SLRU improves
the hit rate by 1.04x compared to LRU. Furthermore, under our experimental cache configurations,
the DRAM capacity is larger than the HBM capacity (as is typically the case in practice). As a result,
SLRU has a large probationary segment, which is the primary reason why it is less efficient than
S3-FIFO.

Overall, quick demotion offers clear efficiency benefits for prefix caching because many prefixes
are unpopular. However, as discussed in the next subsection, improved cache efficiency alone does
not fully determine LLM inference performance in hierarchical cache replacement, as relying on
the small HBM segment for quick demotion can limit performance gains.
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3.3 Gap between Efficiency and Performance

Cache efficiency is commonly used as a primary indicator of caching effectiveness. However, in
modern LLM inference systems with a hierarchical caching architecture, high cache efficiency does
not directly translate into high prefill performance. This section shows that a substantial gap can
exist between cache efficiency and LLM performance due to KV cache I/O overhead.

Upon a cache hit, only the KV caches residing in HBM can be directly accessed by the GPU. If the
corresponding KV caches reside in DRAM, they must first be transferred to HBM, incurring non-
trivial latency along the critical path [10, 25]. As a result, DRAM hits, while avoiding recomputation,
provide limited benefit to prefill latency and time-to-first-token (TTFT) as shown in Figure 3(b),
whereas HBM hits enable immediate reuse of prefix KV caches and deliver significantly larger
performance gains.

Figure 5(b) illustrates the distribution of cache hits across HBM and DRAM for different replace-
ment policies. With S3-FIFO, less than 1% of cache hits occur in HBM, while the majority remain in
DRAM. In contrast, LRU and SLRU concentrate most cache hits in HBM. Consequently, despite
achieving high overall hit rates, S3-FIFO fails to fully exploit the potential performance benefits of
prefix caching due to its DRAM-biased hit locality.

These results suggest that, for prefix caching in multi-tier cache hierarchies, high cache efficiency
alone is insufficient and must be complemented by an effective tiering strategy that prioritizes hits
in latency-critical tiers.

4 Buoy Design

In this section, we present Buoy, a novel and general cache replacement algorithm tailored for
prefix caching. Our primary objective is to improve cache efficiency while ensuring effectiveness.

4.1 Overview

At a high level, as illustrated in Figure 6, Buoy consists of three main components: the main cache,
the ghost cache, and the admission controller. The main cache is organized with an HBM queue and
a DRAM queue, each storing prefix chunk nodes that reference KV cache chunks physically residing
in GPU HBM and CPU DRAM, respectively. The ghost cache keeps track of recently evicted KV
caches to make smarter future eviction decisions. The admission controller decides whether newly
generated KV caches are retained.

During LLM inference, reusable KV caches can be directly supplied to the LLM, avoiding re-
dundant recomputation during the prefill phase. KV caches residing in HBM can be immediately
accessed by the GPU, while KV caches in DRAM are transferred to the GPU before reuse.
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Algorithm 1: Hierarchical Cache Replacement in Buoy

Input: Prefix chunk nodes C, HBM queue H, DRAM queue M, ghost FIFO queue G
1 function read(C):
for x in C do

2

3 if x in H or x in M then > Cache hit
4 remove x from H or M > Promote later

5 x.target_queue «— H

6 x.visited < True

7 else > Cache miss
8 x.target_queue «— M

9 if G .exists(x.chunk_id) then

10 x.visited < True

1 for x in reversed(C) do > Reverse to preserve prefix order
12 insert x to head of x.target_queue > Insert or promote

13 while H is full do

14 evictH()

15 while M is full do

16 evictM()

17 function evictH():

18 x « tail of H

19 move x to head of M

20 function evictM():
21 x « tail of M

22 if x.visited then

23 x.visited « False

24 move x to head of M
25 else

26 G.add(x.chunk_id)
27 remove x from M

When the LLM generates new KV caches, the corresponding chunk nodes are examined by the
admission controller, which either inserts them into the DRAM queue of the main cache (1a) or
directly rejects them (). Upon a cache hit, nodes are promoted to the HBM queue (2a). When
the HBM queue is full, existing nodes are demoted to the DRAM queue (). When nodes in the
DRAM queue are selected for eviction, they are reinserted into the main cache if they have been
visited (@); otherwise, they are evicted ().

We next introduce the core design of Buoy cache replacement in §4.2 and describe how the
admission controller performs cache admission in §4.3.

4.2 Hierarchical Cache Replacement

Below, we detail Buoy ’s hierarchical cache replacement for managing limited cache space across
the GPU-CPU memory hierarchy.

Ghost cache. Following prior caching designs [18, 51], Buoy introduces a ghost cache to track
recently evicted prefix KV cache chunks. Unlike the main cache, the ghost cache does not store
KV cache chunks; instead, each ghost cache entry consists only of a chunk ID, which is the hash
key used in prefix caching to identify the corresponding KV cache chunk. This design is similar to
simulated buffers in database buffer management [41], as both track recently evicted items using
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Fig. 7. Example of the cache layout after each request, assuming HBM and DRAM KV cache capacities of
two chunks each. Each row corresponds to a request issued at a different timestamp.

lightweight metadata rather than storing the items themselves. The ghost cache is implemented as
a FIFO queue in Buoy. When a KV cache chunk is evicted, the chunk ID is inserted into the ghost
queue. As each ghost entry consists only of an ID, it incurs minimal additional memory overhead.
Moreover, by organizing the ghost cache as a FIFO queue, Buoy preserves temporal information
about recent evictions while incurring minimal computational overhead.
Buoy operations. Upon receiving a sequence of prefix chunk nodes for a request, Buoy processes
each chunk node by first checking whether it already resides in the HBM queue or the DRAM
queue. Each node in the queues uses one bit to track the visited/non-visited status. On a cache hit,
the node is moved to the head of the HBM queue, with its visited bit set to true. On a cache miss,
the node is inserted into the head of the DRAM queue. To avoid misclassifying recently evicted but
reusable prefixes as unpopular, Buoy looks up the ghost cache. If the chunk ID is found in the ghost
cache, the visited bit of the node is set to true, allowing it to receive a second chance during future
eviction decisions. When the HBM queue exceeds its capacity, the node at the tail is demoted to
the head of the DRAM queue. When the DRAM queue becomes full, Buoy evicts nodes from its tail.
If the evicted chunk is marked as visited, it is reinserted at the head of the DRAM queue with the
bit reset, granting it a second chance to be reused by future accesses. Otherwise, the chunk node is
finally evicted from the main cache and the chunk ID is added to the ghost cache.

Algorithm 1 summarizes the replacement procedure. Notably, since each cache access involves
a sequence of prefix chunk nodes for a single request, cache reads naturally follow a path from
the root to the leaf in the prefix tree. To preserve the prefix order within the queues, cache hits
temporarily remove the accessed nodes from their current positions (line 4), and Buoy inserts
all nodes into their target queues in reverse order at the end (line 11-12). This reverse insertion
places the accessed nodes in ancestor-to-descendant order within each target queue, so that deeper
nodes along the accessed path are closer to the queue tail than their shallower ancestors. To further
illustrate the replacement procedure, Figure 7 presents a concrete example of Buoy processing a
sequence of requests.
Quick demotion. As discussed in §3.2, quick demotion is a key idea for improving cache efficiency
in prefix caching workloads. Buoy achieves quick demotion through its hierarchical cache replace-
ment design in two complementary ways. First, newly admitted chunk nodes are inserted into
the DRAM queue, and their corresponding KV caches are offloaded to DRAM. Such offloading is
asynchronous and not on the user-facing critical path. The user’s request can be completed without
waiting for this transfer to finish, so offloading has little effect on TTFT. After serving the request,
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newly generated KV chunks are not kept in HBM, thereby avoiding displacing more popular
chunks already retained in HBM. Second, Buoy employs the visited bit to provide a second-chance
mechanism in the DRAM queue, similar to CLOCK. For a node marked as visited to be evicted,
it is reinserted at the head instead of being immediately evicted, with its visited bit reset. This
mechanism passively accelerates the demotion of other unpopular ones.

Effective cache tiering. Since HBM hits can be reused directly by the GPU while DRAM hits require
host-to-GPU transfer before serving, Buoy seeks to reduce overall access latency by maximizing
the HBM hit ratio. The HBM queue retains only recently accessed hot nodes, while the DRAM
queue primarily contains one-hit wonders [57] or relatively cold nodes that have not been accessed
recently. Buoy promotes a node from DRAM to HBM only upon a cache hit, when the corresponding
KV cache chunk must already be transferred to the GPU for request serving, thereby avoiding
unnecessary data movement. As a result, cache replacement decisions do not introduce additional
host-to-GPU transfer overhead beyond what is required for serving the request itself.

4.3 Depth-aware Cache Admission

Cache admission has been recognized as an effective mechanism for improving cache efficiency by
preventing low-value objects from entering the cache. Unlike eviction, which decides what to remove
when the cache is full, admission determines what to admit upon a cache miss. Representative
designs such as TinyLFU [8] demonstrate that admitting objects based on estimated reuse frequency
can significantly reduce cache pollution and improve hit rates.

Existing cache admission methods typically treat each admitted object independently. In contrast,
Buoy exploits a property unique to prefix caching: cache candidates naturally form prefix paths
whose reuse behavior is correlated with depth. As mentioned in §3.1, prefix caching exhibits
prefix-matched access characteristics. Shallow prefixes are more likely to be shared across requests,
while deeper prefixes tend to be request-specific and exhibit lower reuse probability. Consequently,
deep prefixes may occupy valuable cache space at the expense of more reusable shallow prefixes.
These observations motivate a cache admission method that is aware of prefix depth and adapts to
workload-specific reuse behavior.

Depth-aware cache admission is designed around three key principles: (1) Depth-aware selectivity.
Prefixes at larger depths should be admitted more conservatively than shallow prefixes, as their
likelihood of reuse decreases with depth. (2) Reuse-informed thresholding. The boundary between
shallow and deep prefixes should not be predefined; instead, it should be estimated from the
observed depths of prefix reuse. (3) Reuse-proven override. Prefixes that have demonstrated reuse
in the past should not be penalized due to their depth, even if they are deep.

Following these design principles, we propose a lightweight and practical admission method.
First, a depth threshold is maintained to distinguish shallow prefixes from deep ones. Prefixes
whose depth does not exceed this threshold are admitted by default, while deeper prefixes are
rejected by default. This selective admission prevents a single long request from filling the cache
with its entire request-specific suffix, allowing the available capacity to cover a broader set of prefix
paths. Second, to avoid rejecting reusable deep prefixes, the admission method also leverages the
ghost cache. Prefixes rejected due to the depth threshold are inserted into the ghost cache. If a
deep prefix reappears and triggers a ghost hit, indicating that it was recently rejected or evicted,
it is immediately admitted regardless of its depth. Third, the depth threshold is estimated online
using the cumulative average of observed reuse depths. We focus on reuse depths rather than
averaging over all accessed prefixes because reuse events directly reflect which prefix depths are
valuable to retain in the cache. Including non-reused deep prefixes would bias the estimate toward
larger depths dominated by one-hit accesses, leading to overly permissive admission and increased
cache pollution. Each reuse event contributes its prefix depth to the estimator, which updates
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the cumulative mean in O(1) time. The resulting average reuse depth determines the admission
threshold, allowing the method to tailor its admission decisions to the reuse-depth distribution of
the observed workload without offline profiling.

By combining depth-based selectivity with reuse-informed thresholding, depth-aware cache
admission improves cache efficiency in Buoy by reducing cache pollution while preserving reusable
prefixes. Moreover, it operates independently of the underlying cache replacement policy and can
in principle be integrated with other cache replacement policies.

4.4 Summary

Buoy achieves its design goals through three key measures. (1) Buoy performs quick demotion
to prevent unpopular KV caches from occupying cache space for a long time. Specifically, newly
generated KV caches are first inserted into the DRAM queue and are promptly evicted if not reused.
In addition, a second-chance mechanism further accelerates the demotion of unpopular KV caches.
Finally, based on prefix-matched access characteristics, cache admission enforces more aggressive
quick demotion by rejecting deep prefix nodes. (2) Buoy employs a ghost cache to allow recently
evicted KV caches to be retained longer when the prefixes are requested again, further improving
cache efficiency. (3) By ensuring that unpopular KV caches are never admitted to the HBM queue,
Buoy maximizes the fraction of cache hits served from HBM, thereby reducing host-to-GPU transfer
overhead on cache hits. Taken together, these strategies make Buoy an efficient and effective cache
replacement policy applicable to prefix caching in general.

5 Evaluation
5.1 Implementation

We first implement a prefix KV cache simulator to evaluate and compare different cache replacement
policies for prefix caching in LLM inference. The simulator replays request traces and models prefix-
matched accesses at the granularity of KV cache chunks. Each request is decomposed into a sequence
of prefix chunks, and the simulator tracks the storage footprint of KV caches using model-specific
per-token KV sizes, which are deterministic and can be computed analytically for a given LLM
and numerical precision. All policies can be evaluated under identical traces, cache capacities, and
memory hierarchy configurations, ensuring fair and reproducible comparison. For each request,
the simulator invokes prefix accesses in sequence and records detailed cache statistics to compare
cache efficiency, including hit rates at different tiers.

To validate the practical effectiveness of cache replacement policies beyond simulation, we
further build a serving engine implementation based on vLLM [44] v0.15.1. Our implementation
extends vLLM’s prefix KV cache management with configurable replacement policies. It enables
standardized end-to-end prefill performance comparisons under a unified execution framework.

5.2 Experiment Methodology

Models and Hardware. We use Llama-8B [42] and Mistral-24B [3]. Experiments are conducted on
two servers: one equipped with a 40 GB A100 GPU for running Llama-8B, and the other equipped
with an 80 GB A800 GPU for running Mistral-24B. Each server is allocated 64 GB of CPU DRAM as
the DRAM tier of the prefix KV cache, and the GPU is connected to the CPU via a PCle 4.0 x16 link.
Workloads. Our experiments use open-source request traces from Aliyun Bailian [45] and Kimi [38].
We list the dataset information in Table 1. We primarily use Qwen Trace A and Qwen Trace B from
Aliyun Bailian, as they contain a larger number of requests. We replay these traces sequentially,
sending a new request only after the previous request finishes. This setup is practical given our
limited GPU resources and allows us to focus on the impact of cache replacement policies.
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Table 1. Real-world traces used in our evaluation.

Trace Chunk Size #Req. Description

Two-hour trace of chat services (to-C),

T A [45 16 43,058 . ..
Qwen Trace A [43] ’ sampled from Aliyun Bailian.
Two-hour trace of API calling (to-B),
T B[4 1 172 . e
Qwen Trace B [45] 6 72,800 sampled from Aliyun Bailian.
. One-hour trace of online conversations,
Mooncake Conversation [38] 512 12,031 ..
sampled from Kimi.
One-h t f tool& t int ti s
Mooncake Tool&Agent [38] 512 23,608 ne-hour frace of ooldagent interactions

sampled from Kimi.

Metrics. We adopt the following metrics:

e Cache hit rate. The average cache hit rate across all requests.

o Prefill throughput. The average number of input tokens served per second during the prefill
phase, counting both cache-hit tokens and newly computed tokens.

o Time-to-first-token (TTFT). The latency from request arrival to the generation of the first output
token. In the vLLM-based end-to-end evaluation, we report both mean TTFT and tail TTFT,
measured as the P90, P95, and P99 of per-request TTFT.

Baselines. We compare Buoy against traditional cache replacement algorithms (FIFO, LRU, and

LFU) and the following policies:

e SLRU. An LRU policy viewed as two logical segments. New KV cache nodes are first inserted
into the DRAM queue and promoted to the HBM queue upon cache hits. Nodes evicted from the
HBM queue are reinserted to the head of the DRAM queue.

e S3-FIFO [51]. A FIFO-based replacement policy with static queues. Nodes evicted from the HBM
FIFO queue are either inserted into the DRAM FIFO queue or undergo quick demotion based on
their access frequency. Nodes at the tail of the DRAM FIFO queue are either reinserted to the head
of the DRAM queue or evicted based on access frequency. On a ghost hit or an external-storage
hit, the node is thereafter retained in DRAM.

e Prefix-aware Greedy-Dual-Size-Frequency (PGDSF) [17]. A cache replacement policy that con-
siders prefix position, frequency, size, and recency to decide node placement in hierarchical
caches.

o Workload-aware policy (WA) [45]. A workload-aware cache replacement policy that computes a
two-dimensional priority for each KV cache node, defined as (ReuseProb, -Offset), where ReuseProb
estimates the node’s future reuse probability based on historical workloads, and Offset is reversely
proportional to the prefix length of the KV cache node in the entire request.

o HotPrefix [25]. A hotness-aware policy that tracks and updates the hotness of prefix tree nodes
over time to retain hot prefixes.

5.3 Efficiency

We first evaluate cache efficiency using the prefix KV cache simulator. For Llama-8B, we configure
cache sizes of 16 GB HBM and 64 GB DRAM, while for Mistral-24B, we use cache sizes of 32 GB
HBM and 64 GB DRAM. The simulator models prefix-matched KV cache accesses at the chunk
level and reports cache hit rates at different memory tiers.
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Fig. 8. Cache hit rates of different algorithms in the simulator across four traces for Llama-8B on the A100
GPU server and Mistral-24B on the A800 GPU server, showing the hit rate breakdown.

Figure 8 summarizes the cache hit rates of different algorithms. Buoy achieves the highest overall
cache hit rate across all traces and both models. For example, on the Qwen-A trace with Llama-
8B, Buoy achieves a cache hit rate of 26.8%, compared to LRU’s 22.0%, corresponding to a 1.22X
improvement. In contrast, the next best policy only reaches a hit rate of 23.1%, providing a marginal
1.05x improvement over LRU. This improvement is even more pronounced on the Moon-Conv
trace, where Buoy achieves a cache hit rate that is nearly twice that of LRU. Other algorithms
(PGDSF, WA, and HotPrefix) specifically designed for prefix caching generally outperform LRU as
well. However, they do not always surpass the traditional policies SLRU and S3-FIFO. The good
performance of SLRU and S3-FIFO corroborates our insight that quick demotion is critical for cache
efficiency.

We further observe that cache efficiency varies significantly across different workload types. In
particular, conversational workloads (Qwen-A and Moon-Conv) consistently exhibit much lower
overall hit rates than API (Qwen-B and Moon-Tool) workloads. This is because conversational
requests typically involve more diverse and less repetitive prefix paths, limiting the upper bound of
achievable cache reuse. In contrast, API workloads exhibit stronger prefix reuse, allowing most
policies to achieve relatively high hit rates, which in turn narrows the performance gap among
different algorithms.

Beyond overall hit rates, Figure 8 also reveals substantial differences in how cache hits are
distributed across memory tiers. While several policies achieve similar overall hit rates, their HBM
and DRAM hit rate breakdowns differ markedly. Buoy consistently achieves the highest or near-
highest HBM hit rate across all traces. This behavior is a direct result of Buoy ’s hierarchical cache
replacement design, which preferentially promotes reusable prefixes to HBM while aggressively
demoting cold prefixes. In contrast, S3-FIFO attains high overall hit rates primarily by accumulating
hits in DRAM, with extremely low HBM hit rates. Although such DRAM hits improve cache
efficiency, they provide limited benefit for prefill latency, as the corresponding KV caches must still
be transferred to the GPU upon reuse.

Moreover, the relative performance trends remain consistent across model scales. Moving from
Llama-8B to the larger Mistral-24B model increases the footprint of prefix KV caches and further
tightens the HBM capacity constraint. Nevertheless, Buoy maintains its advantage over all baselines
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Fig. 9. TTFT under different cache replacement policies on vLLM. Mean, P90, P95, and P99 TTFT are reported
on Qwen-A and Qwen-B with Llama-8B and Mistral-24B.

in both overall hit rate and HBM hit rate. This suggests that Buoy scales well with model size and
remains effective even when cache capacity becomes increasingly constrained.

Overall, these results indicate that high cache efficiency for prefix caching is not solely determined
by prefix-awareness or overall hit rate. Instead, it critically depends on a cache replacement policy’s
ability to aggressively demote cold prefixes while ensuring that reusable prefixes are retained in
fast memory.

5.4 Prefill Performance

We evaluate the prefill performance of different cache replacement policies under realistic workloads
using our vLLM-based serving-engine implementation. Our evaluation focuses on how effectively
each policy improves end-to-end prefill performance by reusing prefix KV caches across requests.
We follow the methodology proposed in prior work [45] to evaluate serving performance on
anonymous traces. In our experiments, GPU memory is used by both the LLM and prefix KV
caching. We set the GPU memory utilization ratio to 0.9, allowing vLLM to use up to 90% of GPU
memory for model execution and KV cache management. All policies are evaluated under identical
model, workload, cache capacity, and serving configurations. In addition to comparing different
cache replacement policies, we compare with the recomputation baseline (ReComp). ReComp
computes the full KV cache for all input tokens during prefill, without caching or reusing KV caches
across requests. This baseline quantifies the performance benefit brought by prefix caching and
serves as a lower bound on prefill performance.

Figure 9 presents the TTFT results, including mean, p90, p95, and p99 latency. Prefix caching
substantially reduces TTFT relative to ReComp, and Buoy achieves the lowest mean TTFT across
all evaluated configurations. For Llama-8B, Buoy reduces mean TTFT by 1.24X on Qwen-A and
1.52x on Qwen-B compared to ReComp. Compared with LRU, Buoy reduces mean TTFT by 1.11x
on Qwen-A and 1.19x on Qwen-B. For Mistral-24B, Buoy reduces mean TTFT by 1.16X on Qwen-A
and 1.46X on Qwen-B over ReComp, and by 1.07x and 1.16X over LRU, respectively.

Beyond mean latency, Buoy also improves tail TTFT. Compared with LRU, Buoy reduces
p90/p95/p99 TTFT by 8.2%/7.0%/4.0% on Llama-8B with Qwen-A and by 15.4%/13.9%/7.2% with
Qwen-B. For Mistral-24B, Buoy reduces p90/p95/p99 TTFT by 6.2%/5.1%/1.5% on Qwen-A and by
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Fig. 10. Prefill throughput under different cache replacement policies on vLLM. (a) Llama-8B running on the
A100-40GB GPU. (b) Mistral-24B running on the A800-80GB GPU.

11.6%/9.3%/6.3% on Qwen-B. The tail-latency improvement is especially pronounced on Qwen-B,
where higher prefix reuse creates more opportunities for effective KV cache retention and tier-aware
replacement.

Figure 10 reports the prefill throughput under different cache replacement policies. Consistent
with the TTFT results, prefix caching improves prefill throughput compared to ReComp under
all evaluated replacement policies. For Llama-8B, Buoy improves prefill throughput by 1.25% on
Qwen-A and 1.51X on Qwen-B over ReComp. Compared with LRU, Buoy improves throughput
by 1.10X on Qwen-A and 1.16X on Qwen-B. For Mistral-24B, Buoy improves prefill throughput
by 1.21x on Qwen-A and 1.45X on Qwen-B over ReComp, and by 1.08%x and 1.13x over LRU,
respectively. These results show that the cache efficiency advantages of Buoy translate into higher
end-to-end prefill throughput in a real serving engine.

Notably, policies with similar cache hit rates can still exhibit different prefill performance because
hits at different tiers have different latency costs. For example, S3-FIFO may increase overall cache
hits but place more reusable KV chunks in slower tiers, leading to limited TTFT improvement.
A DRAM hit avoids recomputation, but the reused KV cache must still be reloaded into HBM
before prefill can proceed. This H2D transfer lies on the TTFT critical path and can also reduce
throughput by consuming PCle bandwidth. Prior work [27, 46] has shown that PCle transfer
throughput is sensitive to transfer granularity: small transfers achieve low effective bandwidth,
whereas MB-scale transfers can utilize the PCle link more efficiently. In our vLLM-based evaluation,
each 16-token KV page corresponds to an MB-scale physical KV block, about 2 MB for Llama-8B
and 2.5 MB for Mistral-24B. On our PCle 4.0 servers, such MB-scale transfers achieve an effective
single-direction bandwidth of about 20 GB/s. For example, reusing 4096 DRAM-resident tokens
for Llama-8B requires transferring about 0.5 GiB of KV cache data, which takes roughly 25 ms at
20 GB/s. This overhead is non-negligible and lies on the TTFT critical path.

We further analyze the overheads introduced by prefix caching and cache replacement. For
prefix lookup, both LRU and Buoy take only a few microseconds per request on average, which is
negligible compared with end-to-end TTFT. For replacement bookkeeping, LRU takes 0.4 ms/request
on average, while Buoy takes 2 ms/request. The higher bookkeeping cost of Buoy comes from
its additional metadata operations, including maintaining tiered queues, updating the visited
flag, performing ghost-cache lookup/update, and applying depth-aware admission. Nevertheless,
this overhead is much smaller than the TTFT reduction obtained by increasing HBM hits and
reducing critical-path H2D transfers. Overall, the TTFT and throughput results reflect the net
effect of cache reuse benefits, cache bookkeeping overhead, and DRAM-to-HBM transfer overhead.
Buoy consistently outperforms prior cache replacement policies in both TTFT and throughput,
demonstrating its practical effectiveness in improving LLM prefill performance.
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Fig. 12. Large chunk sizes decrease cache hit rate.

5.5 Robustness Analysis

We now analyze the robustness of Buoy along multiple dimensions, including temporal behavior,
chunk granularity, and cache size. All results in this analysis are obtained from the KV cache
simulator.

Efficiency over time. Figure 11(a) and Figure 11(b) show the cumulative cache hit rate over time
on the Qwen-A and Qwen-B traces. After an initial warm-up phase, the gap between Buoy and
other algorithms steadily widens. This trend indicates that Buoy indeed sifts out unpopular prefixes
and retains reusable prefixes over time.

Chunk granularity. In LLM inference systems, cache granularity plays a critical role in cache hit
rates. Existing systems commonly adopt chunk-based caching by grouping tokens into chunks [10,
20, 38], each typically containing 16 to 512 tokens. Smaller chunk sizes allow for more precise
cache matching, whereas larger chunk sizes reduce matching effectiveness, leading to higher miss
rates and longer latencies. In our evaluation, the Qwen-A and Qwen-B traces are recorded with a
chunk size of 16 tokens, while the Moon-Conv and Moon-Tool traces are recorded with 512 tokens
per chunk by default. To study the impact of chunk granularity, we derive Qwen-A and Qwen-B
traces with larger chunk sizes by merging consecutive 16-token chunks into coarser chunks, while
preserving the original prefix access order. Figures 12(a) and 12(b) illustrate the impact of chunk
size on cache hit rates for the Qwen-A and Qwen-B traces, where chunk sizes are varied from 16 to
512 tokens. Cache hit rates decrease as chunk size increases for all cache replacement algorithms.
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Table 2. Approximate total size of prefill KV caches generated by two LLMs after prefix deduplication on
different traces.

Trace Llama-8B  Mistral-24B
Qwen-A 4942 GB 7721 GB
Qwen-B 7481 GB 11689 GB

Moon-Conv 11424 GB 17850 GB
Moon-Tool 11456 GB 17900 GB
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Fig. 13. Hit rate gain over LRU on different traces, where DRAM/HBM denotes the ratio of DRAM cache
capacity to HBM cache capacity.

Nevertheless, Buoy achieves higher cache hit rates than other algorithms across all chunk sizes.
Moreover, Buoy exhibits the smallest performance degradation as chunk size increases.

Cache size. We further study the robustness of Buoy under different cache size settings. Table 2
reports the approximate total size of prefix-deduplicated prefill KV caches generated by each trace
for the two models, which ranges from several terabytes to tens of terabytes. Based on these
statistics, we define two cache regimes: a small cache size corresponding to 0.1% of the total KV
cache footprint and a large cache size corresponding to 1%. For each regime, we additionally
vary the DRAM-to-HBM cache capacity ratio (DRAM/HBM) between 2 and 4. Figure 13 shows
the cache hit rate gain over LRU under different cache size configurations. Across all traces and
cache regimes, Buoy consistently outperforms LRU. In most cases, Buoy also achieves the largest
performance gains among all policies. We observe only a few exceptions under small cache sizes:
on the Qwen-B trace, Buoy performs comparably to or slightly below S3-FIFO and HotPrefix, and
on the Moon-Conv trace, it performs comparably to or slightly below WA. Nevertheless, in all
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Table 3. Cache hit rate breakdown under a three-tier cache hierarchy (16 GB HBM, 64 GB DRAM, 512 GB
SSD) for different cache replacement policies with Llama-8B.

Cache Hit Rate (%)
HBM DRAM SSD Overall

FIFO 0.71 8.34 32.52 41.57
LRU 14.04 7.99 29.33 51.37
LFU 16.66 4.97 29.74 51.37
SLRU 15.23 7.29 28.98 51.50
Qwen-A  S3-FIFO 0.50 23.23 27.79 51.53
PGDSF 13.71 5.25 3191 50.87
WA 18.01 5.20 28.25 51.45
HotPrefix  13.77 11.61 26.18 51.56
Buoy 18.93 4.56 28.01 51.50
FIFO 1.99 6.32 41.28 49.59
LRU 34.36 11.78 5.57 51.71
LFU 45.56 2.93 3.26 51.75
SLRU 44.99 3.24 3.56 51.79
Qwen-B  S3-FIFO 0.65 50.99 0.81 52.45
PGDSF 33.70 13.46 4.75 51.92
WA 45.89 2.64 3.25 51.78
HotPrefix  36.46 11.45 3.88 51.78
Buoy 45.94 3.21 2.70 51.85

remaining settings, Buoy outperforms all other algorithms by a clear margin, demonstrating strong
robustness across a wide range of cache capacities and memory hierarchy configurations.

5.6 Extending to External Storage

Increasingly, LLM serving systems [46] extend prefix KV caching to external storage such as SSDs to
increase cache capacity and hit rates. In this section, we evaluate the effect of external storage from
two perspectives. We first use our simulator to analyze the cache hit-rate breakdown across HBM,
DRAM, and SSD. We then extend our vLLM-based implementation with SSD-tier KV offloading
and evaluate end-to-end prefill throughput and TTFT.

With its large capacity, external storage can expand the total cache capacity, allowing more
prefix KV caches to be retained and reducing complete evictions from the cache hierarchy. As a
result, overall cache hit rates tend to increase, while the performance gap among different cache
replacement policies tends to narrow because cached KV chunks are less likely to be evicted from
the entire cache hierarchy.

However, this capacity expansion shifts the performance emphasis from overall cache hit rate to
hit distribution across tiers and cross-tier data movement costs. In particular, KV caches stored on
SSD must be transferred back to the GPU before reuse. In our implementation, upon an SSD hit, the
corresponding KV cache is first loaded into DRAM and then transferred to GPU HBM, incurring
both SSD I/0O and host-to-GPU transfer latency. Consequently, although external storage alleviates
capacity constraints and boosts overall hit rates, it also introduces non-trivial data movement
overheads that diminish the end-to-end performance benefits of cache hits. In short, external
storage alleviates capacity limitations, but simultaneously exacerbates the gap between cache
efficiency and actual LLM inference performance.
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Fig. 14. Prefill performance on Qwen-A and Qwen-B under a three-tier hierarchy with KV cache capacities of
16 GB in HBM, 64 GB in DRAM, and 512 GB in SSD for different cache replacement policies with Llama-8B:
(a) prefill throughput and (b) TTFT.

To study this trade-off, we extend the original two-tier KV cache hierarchy to a three-tier design
with SSD. Under this design, KV chunks evicted from DRAM are demoted to SSD. For Buoy, chunks
rejected by the admission controller are also inserted into SSD because the SSD tier replaces its
metadata-only ghost cache.

KV chunks placed in SSD are generally colder and exhibit weaker temporal locality than those
retained in HBM or DRAM. Applying a fine-grained eviction policy at the external storage tier
therefore provides limited additional efficiency benefits while incurring substantial metadata
maintenance overhead at scale. Instead, we adopt a simple FIFO policy for managing the SSD tier,
which is lightweight and sufficient for capturing occasional long-term reuse. Upon an SSD hit, the
chunk is removed from the SSD FIFO queue and promoted to the HBM queue after being staged
through DRAM. Thus, FIFO determines only the eviction order among chunks that remain resident
in SSD. For fairness, all baseline policies use the same SSD-tier FIFO eviction and hit-promotion
behavior.

Table 3 reports the cache hit rate breakdown across HBM, DRAM, and SSD after extending the
cache hierarchy with a 512 GB SSD. Introducing external storage increases the overall cache hit rate
for all cache replacement policies. In particular, the overall hit rates become highly similar across
policies, indicating that the large SSD capacity effectively absorbs most evicted KV caches and
reduces capacity-induced misses. Despite comparable overall hit rates, however, the distribution of
cache hits across tiers differs significantly. Buoy consistently increases the fraction of cache hits
served from the highest tier (HBM), while reducing the fraction of hits occurring in lower tiers such
as DRAM and SSD. This shift is critical, since only HBM-resident KV caches can be reused without
incurring cross-tier data transfer overhead. As a result, a larger fraction of reused KV chunks can
be served with minimal access latency, even though the overall cache hit rates remain similar.

Figure 14 reports end-to-end prefill performance under the three-tier cache hierarchy. Across both
Qwen-A and Qwen-B traces, all cache-based approaches outperform recomputation, confirming
the effectiveness of prefix caching even when KV caches are partially stored on SSD. On Qwen-A,
Buoy achieves 15,210 tokens/s and 152 ms TTFT, improving throughput by 1.50x and reducing
TTFT by 1.50x compared with ReComp. On Qwen-B, Buoy achieves 15,807 tokens/s and 58 ms
TTFT, improving throughput by 1.62X and reducing TTFT by 1.63X compared with ReComp.

Among all cache replacement policies, Buoy consistently achieves the highest prefill throughput
and the lowest TTFT. On Qwen-A, Buoy improves throughput by 2.3% over the strongest baseline
and reduces TTFT by 2.2%. On Qwen-B, Buoy improves throughput by 0.7% over the strongest
baseline and reduces TTFT by 2.7%. Although the performance gap becomes smaller than in the
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Table 4. Mean TTFT under distributed serving on vLLM with Llama-8B using two A100-40GB GP Us.

Deployment Trace LRU Buoy

Qwen-A 131ms 117ms

Tensor-parallel (TP) Owen-B  52ms  45ms

Qwen-A 200ms 180ms

Data-parallel (DP) Owen:B  73ms  6lms

two-tier setting because the large SSD capacity narrows the differences in overall hit rate, Buoy
still provides the best end-to-end performance by increasing the fraction of hits served from HBM.

These results highlight that, under a three-tier cache hierarchy, cache replacement policies must
prioritize effective HBM residency for reusable prefixes in order to translate cache efficiency into
tangible performance benefits. By biasing cache hits toward the highest tier and reducing costly
DRAM- and SSD-to-GPU transfers, Buoy remains effective even when cache capacity is expanded
through external storage.

5.7 Applicability to Distributed Serving

We further evaluate whether Buoy remains effective under distributed serving in vLLM. Experiments
are conducted on a server with two A100-40GB GPUs connected by NVLink. The traces are replayed
sequentially, following the same methodology as our end-to-end evaluation. Table 4 reports the
mean TTFT under two deployment modes: tensor parallelism (TP), where a request is executed
by a group of GPUs that jointly host one model replica, and data parallelism (DP), where requests
are served by replicated workers with separate cache instances. Across both TP and DP, Buoy
consistently reduces mean TTFT compared with LRU on both traces.

The benefit of Buoy carries over to distributed serving because Buoy operates on prefix KV
cache replacement and does not depend on a specific execution strategy. In TP, Buoy can be applied
within each TP group by managing the cached prefix as a logical cache object across participating
GPUs. In DP, Buoy can be deployed independently at each replica, while affinity-aware routing can
improve prefix locality.

5.8 Ablation Studies

We explore the effects of key design choices in Buoy via ablation studies conducted on the KV
cache simulator based on Llama-8B with 16 GB HBM and 64 GB DRAM.

Impact of cache admission. We first evaluate the impact of cache admission by disabling the
admission control mechanism in Buoy, allowing all missed prefix chunks to be directly inserted into
the cache. As shown in Figure 15, enabling cache admission improves cache hit rates across all traces.
The improvement is particularly pronounced on the conversation trace, where cache capacity is
highly constrained and a large fraction of prefixes exhibit weak temporal reuse. This result confirms
that cache admission is critical for filtering out unpopular prefixes early and preventing them from
polluting limited cache space.

Impact of second chance. We next study the effect of the second-chance mechanism by disabling
the visited bit and reinsertion logic in the DRAM queue, effectively turning the DRAM queue from
a CLOCK-style policy into a pure FIFO queue. As shown in Figure 15, enabling the second-chance
mechanism yields consistent but relatively modest improvements across all traces. This indicates
that second chance helps recover from occasional misclassification of reusable prefixes by granting
them an additional opportunity before eviction. However, its impact is secondary, suggesting that
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Fig. 16. Impact of ghost cache size for Buoy on the Qwen-A and Qwen-B traces.

second chance primarily serves as a complementary refinement rather than the dominant factor in
improving cache efficiency.

Impact of ghost cache. We further study the impact of the ghost cache size in Buoy. By default,
the ghost cache stores 4X as many entries as the DRAM queue, while each entry only records a
chunk ID without storing KV data. We vary the ghost cache size from 0 to 8x the DRAM queue
size and evaluate its effect on cache hit rates, as shown in Figure 16. Enabling the ghost cache
obviously improves cache efficiency compared to having no ghost cache. On the Qwen-A trace,
increasing the ghost cache size initially leads to notable gains, as it allows recently evicted but
reusable prefixes to be accurately identified upon re-access. Beyond 4x the DRAM queue size, the
benefit of further enlarging the ghost cache gradually diminishes. On the Qwen-B trace, increasing
the ghost cache size continues to provide improvements, but the gains are relatively small. Based
on these observations, we adopt 4x the DRAM queue size as the default ghost cache configuration,
which achieves a good balance between effectiveness and overhead.

6 Related Work

Cache replacement. Cache replacement has been extensively studied for decades, with the
primary goal of improving cache efficiency. For example, various LRU variants (such as LRU-K [32],
SLRU [19], TwoQ [18], EELRU [40], LIRS [15], ARC [31], and CAR [4]) employ different definitions
of recency to select eviction candidates. Some algorithms (such as LRFU [21], TinyLFU [8], FRD [35],
S3FIFO [51], and Hill-Cache [26]) incorporate both recency and frequency to score objects using
different methods, prioritizing them to reduce cache miss ratios. Several studies (such as LeCaR [43],
LHD [5], CACHEUS [39], GL-Cache [49], and 3L-Cache [62]) have explored using machine learning
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to improve eviction strategies. SIEVE [57] has recently been proposed as a cache eviction algorithm
that is simpler than LRU yet more effective, using a FIFO queue with a moving pointer to retain
popular objects in place and quickly remove unpopular ones. However, these algorithms are
designed for traditional caching units such as objects, in-memory key-value pairs, or blocks, and do
not account for the prefix-matched access characteristics of KV caches in LLM inference. Recently,
several studies on cache replacement for prefix caching have also been proposed [17, 25, 45],
demonstrating performance improvements for LLM inference. Nevertheless, the effectiveness of
these policies varies significantly across workloads, as different designs favor different access
patterns, and they are relatively complex to implement. In contrast, Buoy is a simple and general
cache replacement design that achieves robust performance across diverse LLM workloads. Future
work can explore learned eviction policies for prefix caching, enabling more precise eviction
decisions.

Prefix caching. Storing and reusing prefix KV caches has emerged as a key technique for improv-
ing the throughput and latency of LLM serving. One representative approach is paged memory
management in GPU, adopted in vLLM [20] and SGLang [60]. However, the limited capacity of GPU
memory leads to rapidly diminishing cache effectiveness. To address this bottleneck, later designs
extend KV cache management to multi-tier memory hierarchies by migrating evicted caches to
CPU DRAM or other lower-cost storage layers [23, 27, 34, 47]. Representative systems include
LMCache [27], which chunks KV caches and accelerates CPU-GPU transfers via high-performance
CUDA kernels. Mooncake [38] is designed to manage disaggregated KV caches by pooling CPU,
DRAM, SSD and RDMA resources of the GPU cluster. RAGCache [17] leverages the retrieval pattern
to organize the prefix KV caches of retrieved knowledge in a knowledge tree across the GPU and
host memory hierarchy, reducing LLM generation time in RAG. CachedAttention [10] employs
layer-wise pre-loading and scheduler-aware fetching to mitigate KV cache access overheads from
slow storage tiers and to place KV caches along the critical path in the fastest memory hierarchy.
Pensieve [54] manages partially dropped context by efficiently moving data between GPU and CPU
cache tiers and recomputing missing segments as needed. Nevertheless, these approaches couple
cache management with specific system designs or continue to rely on conventional replacement
policies such as LRU or LFU. In contrast, our work focuses on cache replacement itself, proposing a
simple and general policy for prefix caching.

Other KV cache related optimizations. Beyond vanilla prefix caching, recent work has explored
KV cache blending [1, 12, 53, 55] to enable non-prefix KV cache reuse, and KV cache compression [11,
29, 30, 48] to reduce KV cache memory overhead. CacheBlend [53] and CacheCraft [1] extend KV
cache reuse beyond strict prefix positions by merging KV caches from multiple documents and
selectively recomputing a small subset of tokens to preserve output quality. DepCache [55] proposes
a graph-based KV cache reuse strategy that aligns KV caches across varying prompt contexts to
enable efficient cross-request reuse. CacheGen [29] compresses and streams KV caches to reduce
KV cache transfer delay for long-context inference. EVICPRESS [9] applies lossy compression
and adaptive eviction to manage KV caches across multiple storage tiers while jointly optimizing
generation quality and latency. DroidSpeak [28] explores cross-model KV cache sharing by enabling
KV cache reuse across different LLMs. These optimizations are orthogonal to our work and can
be combined with Buoy. Buoy can apply to non-prefix KV caches by disabling depth-aware cache
admission and remains independent of whether KV caches are compressed.

Accelerating LLM serving. Another line of work accelerates LLM serving through system-level
optimizations. These efforts include improved scheduling strategies to reduce pipeline bubbles across
different inference stages [2, 7]; prefill-decode disaggregation, which places the prefill and decode
phases on separate GPUs to mitigate SLO violations [36, 61]; and speculative decoding techniques
that leverage a smaller and faster draft model to generate candidate token sequences, which are
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then verified in parallel by a larger target model [14, 22]. These approaches are complementary to
prefix caching with Buoy and can be integrated with it to further improve overall LLM inference
performance.

7 Conclusion

In this paper, we revisit cache replacement for prefix caching in LLM inference systems. We show
that conventional cache replacement policies, such as LRU, are insufficient because they ignore
both prefix-matched access characteristics and the hierarchical nature of GPU-CPU memory.
We present Buoy, an efficient and effective cache replacement policy specifically designed for
prefix caching. Its high efficiency comes from quick demotion and depth-aware cache admission,
while its effectiveness is achieved by maximizing cache hits in HBM, reducing host-to-GPU KV
cache transfers. Extensive evaluation on real-world traces demonstrates that Buoy outperforms
state-of-the-art cache replacement policies.
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