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ABSTRACT

Recent large language models (LLMs) are rapidly extending their
context windows, yet inference throughput lags due to increas-
ing GPU memory and bandwidth demands. This is because the
key-value (KV) cache, an intermediate structure storing token rep-
resentations, grows linearly with context length and requires an
iterative linear scan for attention computation. A promising direc-
tion to accelerate long-context inference is to exploit attention’s
inherent sparsity by offloading the KV cache to CPU memory and
retrieving only a small subset of tokens important to the current
generation step. However, prior sparse attention approaches strug-
gle to balance accuracy and retrieval cost due to varying sparsity
patterns and inefficient GPU-CPU memory management.

We present RetroInfer, a vector storage engine that realizes a
sparsity-based KV cache for long-context inference. RetroInfer in-
troduces an Attention-aWare VEctor index (wave index), which fun-
damentally improves the tradeoff between attention accuracy and
retrieval cost through tripartite attention approximation, accuracy-
bound attention estimation, and segmented clustering. We also
design the wave buffer, a GPU-CPU buffer manager that assigns
computation and manages data across heterogeneous hardware.
We evaluate RetroInfer across a range of models and workloads,
demonstrating up to 4.4× decoding throughput over full attention
at 120K context and up to 12.2× over sparse attention baselines at
1 million tokens—all while preserving full-attention-level accuracy.

PVLDB Reference Format:

Yaoqi Chen, Jinkai Zhang, Baotong Lu, Qianxi Zhang, Chengruidong
Zhang, Jing Liu, Jingjia Luo, Di Liu, Huiqiang Jiang, Qi Chen, Bailu Ding,
Xiao Yan, Jiawei Jiang, Chen Chen, Mingxing Zhang, Cheng Li, Yuqing
Yang, Fan Yang, Mao Yang. RetroInfer: A Vector Storage Engine for Scalable
Long-Context LLM Inference. PVLDB, 19(5): 1016-1031, 2026.
doi:10.14778/3796195.3796212
∗Work performed during the internship while at Microsoft.
†Corresponding author: Baotong Lu.
This work is licensed under the Creative Commons BY-NC-ND 4.0 International
License. Visit https://creativecommons.org/licenses/by-nc-nd/4.0/ to view a copy of
this license. For any use beyond those covered by this license, obtain permission by
emailing info@vldb.org. Copyright is held by the owner/author(s). Publication rights
licensed to the VLDB Endowment.
Proceedings of the VLDB Endowment, Vol. 19, No. 5 ISSN 2150-8097.
doi:10.14778/3796195.3796212

PVLDB Artifact Availability:

The source code, data, and/or other artifacts have been made available at
https://github.com/microsoft/RetrievalAttention.

1 INTRODUCTION

Transformer-based LLMs that rely on attention mechanisms [91]
have experienced rapid adoption and enabled a range of new appli-
cations. Recently, their context windows have expanded dramati-
cally to support use cases like multi-turn conversations [27], code
and data analysis [8, 48], and reasoning [98]. Many popular LLMs
now support context windows of 128K tokens [7, 70], and leading
models such as Gemini Pro [31] and Llama 4 [62] push this further
to 10 million tokens.

Scaling inference throughput with increasing context length
presents significant challenges to GPU resources. During inference,
the memory consumption of an LLM’s key-value (KV) cache [73] –
a core component for accelerating attention – grows linearly with
the sequence length [43], straining memory capacity. For instance,
serving a single 1M-token request with Llama3-8B [32] requires up
to 125GB of memory. In addition, generating a new token requires
iterating over all vectors in the KV cache, resulting in excessive
memory access that quickly drains GPU bandwidth. Even with mul-
tiple GPUs, which offer more aggregate memory, large models with
large KV caches continue to stress both capacity and bandwidth.

A promising direction is to exploit the inherent sparsity of at-
tention to build a sparsity-based KV cache [16, 17, 22]. Recent
systems [15, 53, 89] show that a small subset of tokens dominates
attention output for a given query. Using only important tokens for
attention calculation significantly reduces memory access and en-
ables offloading the KV cache to high-capacity, slower CPUmemory.
However, identifying important tokens remains challenging.

Vector index [25, 39, 57, 59, 79, 84, 95, 119], traditionally used for
approximate nearest neighbor search (ANNS), has shown promise
in identifying these important tokens [23, 53, 115]. ANNS seeks the
most similar vectors to a given query using inner product, which
closely aligns with how attention computes relevance (Section 2).

Yet, sparsity-based KV cache systems face a fundamental trade-
off between attention accuracy and retrieval cost. Existing vector
indexes fall short due to the variable nature of attention sparsity.
Important tokens differ across layers, attention heads, decoding
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Figure 1: RetroInfer raises the trade-off ceiling between ac-

curacy and retrieval cost, and manages data across hardware.

steps, and input tasks [9, 15]; thus, standard indexes struggle to
retrieve a small number of tokens while maintaining high accuracy.
As shown in Figure 1, current systems reduce data volume but still
incur high retrieval costs (e.g., 10%) to preserve accuracy. We argue
that a holistic, attention-aware approach for KV cache is needed to
support long-context inference effectively.

We present RetroInfer, a vector storage engine that holisti-
cally addresses the challenges of sparsity-based KV cache systems.
Central to RetroInfer are two components: an Attention-aWare
VEctor index (wave index) and an accuracy-agnostic GPU-CPU buffer
manager (wave buffer). Our design follows two principles: (1) be
attention-aware, and (2) separate the concern of attention accuracy
from the system efficiency.

Wave index is a new vector index design that improves the trade-
off between attention accuracy and retrieval cost. Drawing inspi-
ration from the classic vector indexes [85], wave index introduces
three novel attention-aware techniques. First, a tripartite attention
approximation logically partitions tokens into steady, retrieval, and
estimation zones; token importance decreases across these zones.
The steady zone computes precise attention on a small number of
consistently important tokens, the retrieval zone uses index-guided
selection to compute attention precisely, and the estimation zone
approximates attention for the remaining tokens based on the index
structure. As we move from steady to estimation, attention becomes
more approximate but cheaper to compute, reducing sensitivity to
the number of tokens retrieved and enabling control over compute
cost without sacrificing accuracy.

Second, an accuracy-bound attention estimation mechanism ap-
proximates the contribution of less important but non-negligible
tokens with guaranteed accuracy bounds in the estimation zone.
Third, a segmented clustering redesigns traditional vector index clus-
tering for parallelism and low overhead, reducing both the index
construction and update cost.

With wave index, the key remaining challenge is to distribute
computation – index traversal, construction, and attention calcula-
tion – and to coordinate data movement between CPU and GPU
memory. The inherent ratio of important tokens is not low enough
to fully hide PCIe transfer latency, which can stall GPU computa-
tion. The asymmetry between CPU and GPU leads to mismatches
between computation type and available resources. As shown in Fig-
ure 1, the GPU provides high compute throughput but has limited
memory capacity, while the CPU offers much larger memory but
slower floating-point performance and memory access. The CPU is

also better suited for a broader range of computation. Great care
must be taken to fully utilize available resources, avoid GPU stalls,
control software overhead, and reduce PCIe bandwidth contention.

We design the wave buffer to address these challenges; it acts
as the metadata and control plane, similar to a buffer manager in a
database system [45, 46, 126]. We observe that access to important
tokens exhibits strong temporal locality, so the wave buffer incor-
porates a GPU-side block cache of the KV cache to further reducing
PCIe pressure. Attention calculation and block cache access are per-
formed synchronously on the GPU, while block cache replacement
is handled asynchronously. The wave buffer overlaps computation,
reduces overhead, and sustains overall inference efficiency. The
wave buffer is designed to be accuracy-agnostic, focusing solely on
hardware efficiency without affecting attention accuracy; it lever-
ages classic database techniques such as caching and pipelining.

We evaluate RetroInfer on four popular models across a range
of tasks from advanced long-context benchmarks (e.g., RULER [38])
with varying context lengths and batch sizes. We also evaluate
RetroInfer on two reasoning models that generate long outputs.
Our experiments show significant improvements in inference ef-
ficiency while maintaining the accuracy of full attention. For the
same retrieval budget (i.e., the number of KVs retrieved), RetroIn-
fer outperforms existing sparsity-based baselines by 1.40–46.47%
in task accuracy and is the only system that achieves accuracy com-
parable to full attention. RetroInfer also significantly improves
inference throughput by supporting large batch sizes and context
lengths. Specifically, RetroInfer achieves up to 4.4× throughput
over full attention when the context length fits in GPU memory,
and up to 12.2× throughput over other sparse-attention systems
when the KV cache is extended to CPU memory. For end-to-end
comparison, RetroInfer achieves 2.2×–3.3× throughput compared
to vLLM. We make the following contributions:
• We present a novel vector index design – wave index – that im-

proves the trade-off between attention accuracy and retrieval
cost, enabling efficient and accurate long-context inference.Wave
index introduces three novel techniques: tripartite attention
approximation, accuracy-bound attention estimation, and seg-
mented clustering.

• We introduce wave buffer, an accuracy-agnostic GPU-CPU buffer
manager that efficiently manages data movement and computa-
tion across heterogeneous hardware.

• We design and implement RetroInfer, a long-context inference
system that integrates wave index and wave buffer. We evaluate
RetroInfer thoroughly on popular LLMs and tasks, demonstrat-
ing both high throughput and high accuracy.

2 BACKGROUND AND MOTIVATION

2.1 Transformer-based LLMs and Attention

Transformers [91] are the dominant architecture for large language
models (LLMs), relying on a multi-layer attention mechanism. As
shown in Figure 2, given an input of 𝑛 tokens, each represented
as a high-dimensional vector, it is linearly transformed into three
matrices: queries (𝑄), keys (𝐾 ), and values (𝑉 ). Within each layer’s
attention module, the model relates each token to others using
multiple attention heads in parallel. The outputs from all heads are
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Figure 2: Transformer architecture with KV cache. In (c),

deeper colors indicate higher attention weights (more impor-

tant tokens). “I love systems” are the three input tokens.

then aggregated and passed to a feed-forward neural network (FFN)
layer. This process is repeated for each layer of the model.

During inference, the transformer operates in two distinct phases:
prefilling and decoding. In the prefilling phase, the model processes
the input prompt as a whole; in the decoding phase, it generates
tokens one at a time based on both the prompt and previously
generated tokens.

To accelerate decoding, modern LLMs use a key-value cache (KV
cache) [43, 73], which stores the key and value vectors of all previ-
ously seen tokens. This avoids redundant computation and signifi-
cantly reduces decoding latency. However, the KV cache introduces
substantial memory and bandwidth requirements, since its size and
memory access grow linearly with both context length and batch
size. Thus, KV cache makes long-context inference increasingly
constrained by memory capacity and bandwidth limitations.

The attention output in decoding is computed as a weighted sum
over value vectors, where the weights are given by the softmax of
the inner product between the current query 𝑞 and all cached keys:

o = aV = Softmax( qK
𝑇

√
𝑑
)V =

∑︂
𝑖=1..𝑛

( 𝑒q·K
𝑇
𝑖
/
√
𝑑∑︁

𝑗=1..𝑛 𝑒
q·K𝑇

𝑗
/
√
𝑑
· V𝑖 ) (1)

KV cache has become so essential that it has influenced model ar-
chitecture changes inmodern LLMs. Notably, GroupedQuery Atten-
tion (GQA) [5] has become a standard in recent models [1, 2, 61, 78].
In GQA, several query heads within a group share a key-value
head, which reduces KV cache memory consumption proportion-
ally to the group size. However, the memory consumption remains
substantial, especially in the long-context scenarios.

2.2 Limits to Scaling Long-Context Inference

Despite growing demand for long-context inference in use cases
such as multi-turn conversations [27], code understanding [8],
and reasoning [98], achieving scalable performance is challeng-
ing. While the KV cache reduces computation cost, the widening
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gap between GPU memory capacity and memory requirement of
KV cache severely limits batch size and throughput.
GPUMemory Capacity Limits. The KV cache size grows linearly
with both the context length and the batch size, quickly draining
GPU memory. For instance, an A100 GPU (80GB memory) [66] can
support a maximum batch size of 4 at a 128K context length for
Llama3-8B. Exceeding this limit results in out-of-memory (OOM)
errors. Similarly, the maximum context length the GPU can support
is 512K1. Leveraging the aggregated memory from multiple GPUs
is plausible but less cost-effective. Thus, many systems offload the
KV cache to larger and cheaper CPU memory [44, 83, 102], but this
incurs overhead due to PCIe transfers between CPU and GPU.
GPU Memory Bandwidth Bottlenecks. Memory bandwidth is
another key limiting factor. With KV cache, each query at decoding
phase linearly accesses all previous KV vectors. As the context
length and batch size increase, the resulting access volume satu-
rates memory bandwidth, a limitation widely recognized in recent
work [10, 81]. In our experiments, scaling the batch size beyond 3
(at 128K context) leads to marginal throughput improvement due
to GPU memory bandwidth saturation.

2.3 Sparsity-based KV Cache

A promising direction to alleviate the memory and bandwidth bot-
tlenecks of the KV cache is to selectively access KV vectors, enabled
by the inherent sparsity of the attention mechanism [16, 17, 22].
This sparsity arises naturally from the structure of the attention
equation (Equation 1) and the exponential nature of the softmax
function. Intuitively, value vectors associated with high attention
weights2 (i.e., elements of a in Figure 2) dominate the attention out-
put o. That is, a small subset of value vectors suffices to reconstruct
the attention output, provided that the most important tokens can
be accurately identified from the vast pool of KV vectors.
1Unless specified, the analysis is done in Llama3-8B-1048K [32] on an A100 GPU.
Experiments on more models and multiple GPUs are available in Section 5.
2In this paper, we refer to qK𝑇 in attention as the attention scores, Softmax(qK𝑇 /

√
𝑑 )

as the attention weights.
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Leveraging sparsity decreases the GPU computation, reduces
memory access and helps alleviate the bandwidth bottleneck. More-
over, sparsity makes it feasible to offload the KV cache to CPU
memory to address the capacity limitation, as the inference system
can selectively access a subset of KV vectors over PCIe.
Challenges to Leverage Sparsity. Identifying important tokens
is challenging for three reasons. First, as shown in Figure 3, impor-
tant tokens (i.e., those with high attention weights) are scattered
across the context, making their positions unpredictable. Second,
tokens that are important at one decoding step (i.e., one query vec-
tor) may not remain so in subsequent steps. As shown in Figure 3,
the overlap of the top-100 KV vectors across three decoding steps
is only 31%, highlighting token importance dynamics. Third, the
sparsity exhibits high variability from two sources: the architec-
ture of the model itself and the nature of the decoding query. As
shown in Figure 4, attention distributions differ significantly across
model layers and attention heads (Figure 4(a)), potentially reflecting
the varying semantic roles [49, 101]. Different queries within the
same context or across different tasks exhibit substantially different
sparsity ratios on the same attention head (Figure 4(b)).

Sparsity alone is not a panacea. A gap exists between sparsity
ratio (i.e., negligible tokens percentage) and the bandwidth con-
straints imposed by the PCIe interconnect. GPUmemory bandwidth
(e.g., HBM) is about 60× higher than PCIe bandwidth on common
GPUs (e.g., A100, H100, and H200). To hide PCIe transfer latency
and prevent GPU stalls, the sparsity ratio must exceed 98% for the
GPUs. Recent studies report lower sparsity ratios of 87.5% [89]
and 90% [44], highlighting the need for careful system design that
accounts for hardware constraints to achieve high throughput.
Existing Sparsity-basedKVCache Systems. Recent systems [15,
44, 49, 89, 102, 104] have explored the use of sparsity to facilitate
long-context inference. However, they often fall short along two
key axes: accuracy and efficiency.

Some systems rely on fixed-position heuristics to discard KV
vectors [49, 104], often resulting in significant accuracy loss due
to static assumptions about token importance. Others estimate
importance by partitioning the KV cache into equal-sized chunks
and using representative vectors [89, 102]. While GPU-friendly, this
coarse-grained approximation reduces inference accuracy.

Systems that leverage sparsity to reduce attention computation
but retain all KV vectors in GPU memory [89] are constrained by
GPU capacity, limiting both context length and batch size. Works
such as InfiniGen [44] and MagicPIG [15] offload the KV cache to
CPU memory and selectively fetch vectors, either via speculative
prediction or locality-sensitive hashing (LSH). However, inaccurate
selection can degrade quality, and throughput is bottlenecked by
PCIe bandwidth or lower CPU compute power.

3 VECTOR INDEX FOR SPARSITY-BASED KV

CACHE

As pointed out in recent work [23, 53, 115], vector index – a classic
technique for approximate nearest neighbor search (ANNS) [25, 39,
57, 59, 95, 119] – is a natural fit for retrieving important tokens
and serves as the backbone of a sparsity-based KV cache. However,
directly applying vector index to the KV cache is not sufficient and
introduces several challenges.

Opportunities of Vector Index. The key observation is that
Maximum Inner Product Search (MIPS) [79, 84], a variant of nearest
neighbor search (NNS), can be seamlessly applied to identify critical
tokens in attention mechanisms [53, 115]. High attention scores
(i.e., important tokens) indicate that their key vectors have a large
inner product with the query vector (i.e., they are similar).

ANNS aims to identify a desired number of vectors most similar
to a given query in high-dimensional space, using a similaritymetric
such as inner product. Vector index [25, 57, 59, 95, 119] is a widely
used technique for ANNS that organizes key vectors so that similar
vectors are placed nearby; it greatly reduces the number of vectors
accessed during search while maintaining near-optimal results.

Vector index is promising because it naturally handles the dy-
namic nature of sparsity (Figure 3): each decoding token (i.e., query
vector) retrieves different results from the index based on impor-
tance, rather than relying on fixed positions in the context.
Challenges. The fundamental trade-off between accuracy and
retrieval cost in ANNS persists and becomes more pronounced
when applied to sparsity-based KV caching. Existing vector indexes
are inadequate to address the accuracy challenge due to the high
variability in attention sparsity (Figure 4). As in prior work [115],
the retrieval cost remains substantial relative to the limited PCIe
bandwidth, because it must account for this variability to retrieve
more tokens for desired accuracy.

Moreover, efficiency challenges arise when using a vector index
for sparsity-based KV cache, as it introduces index traversal and
selective data access into an inference system optimized for dense
GPU execution. A careful co-design of compute and memory across
the hardware stack is essential.

First, sparse attention with vector indexing involves two types
of data (index structures and KV vectors) and three types of compu-
tation (index traversal, index construction, and attention). Mapping
this onto hardware introduces fundamental challenges due to CPU-
GPU asymmetry. GPUs offer high-throughput compute and fast
memory access but have limited capacity; CPUs provide abundant
memory but lower compute throughput. This raises key questions
about data placement, task assignment, and how to leverage paral-
lelism and overlap to utilize both processors efficiently.

A natural starting point is to perform attention calculation on
the GPU while storing high-volume KV vectors in CPU memory.
Under this setup, efficient datamovement is critical.Without careful
orchestration, the GPU can be starved for data, especially under
tight latency constraints.

Second, the system must reduce index traversal and construc-
tion costs while preserving retrieval quality. Index traversal can be
costly on GPU due to irregular memory access and fine-grained op-
erations (e.g., top-𝑘 selection in ANNS) while CPU-based traversal
is constrained by weak compute power. Index construction adds
additional overhead, and prior work [23, 36, 53] assumes offline
construction, limiting the usability in online inference.

Finally, the control logic for managing index structures is of-
ten better suited for CPU execution. This necessitates a memory
management layer that runs on the CPU and coordinates efficient
paging and data transfers to the GPU. These challenges are fur-
ther complicated by the distinct programming models of CPUs and
GPUs, requiring careful coordination to ensure high performance
and low overhead.
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4 RETROINFER

We present RetroInfer, a vector storage engine that builds a
sparsity-based KV cache to scale long-context inference. We begin
with a high-level overview, then describe the design of the wave
index and wave buffer, and also discuss implementation.

4.1 Overview

The design of RetroInfer follows two principles: (1) be attention-
aware, and (2) separate the concern of attention accuracy from the
system efficiency.

We introduce an Attention-aWare VEctor index called wave
index that retrieves the important KV vectors accurately and effi-
ciently. We also introduce a wave buffer which manages memory
across GPU and CPU to facilitate wave index, also in an attention-
aware manner. Figure 5 shows the architecture of RetroInfer.

To make judicious use of the GPU memory, the wave index em-
ploys a cluster-based vector index design. Specifically, it partitions
KV vectors into clusters based on their similarity, storing cluster
centroids in a meta index as their representatives in GPU mem-
ory. Each meta index entry contains additional information (i.e.,∑︁
𝑉 ), which allows us to perform the precise attention computation

on retrieved clusters, while approximating attention for others to
cover varying sparsity ratios. All of the KV vectors are organized in
contiguous KV blocks in CPU memory. We dive into the internals
of wave index in Section 4.2.

The wave buffer serves two purposes. First, it contains several
buffers in GPU memory to accelerate inference throughput. These
include a block cache for KV vectors and an execution buffer , a
dedicated memory region that sequentially arranges needed KV
vectors for attention computation. The content of the execution
buffer is copied from the steady zone, block cache, and directly from
the CPU memory in case of a cache miss (details in Section 4.3).
Second, it acts as a CPU-resident buffer manager that manages the
block cache and data movement between GPU and CPU memory.

During decoding, RetroInfer computes the attention for each
head in parallel, following the steps in Figure 5: 1 : The centroids are

vs
Token importance 
(to query vector)

Token similarity 
in wave index vs vs

Tokens in a context window (one head)

C0 C1 C2

… …
C500 C501

vs

Meta Index
∑(v)

centroid

Estimation(C2) Estimation(C500)

Steady Zone

Segmentvs

vs

…
…… …

Figure 6: Attention-aware design of wave index. The wave

index partitions the context into segments (dotted boxes),

where each vertical bar denotes a token. In the first row,

tokens with the same color form a cluster, and similar colors

(e.g., yellow and orange) indicate key vector similarity. In

the second row, darker bars indicate higher importance to

the query. For example, a purple query may be close to a red

vector (1st segment) and a blue vector (2nd segment).

sorted according to the similarity to the query vector, determining
a subset of more critical clusters to retrieve for precise attention
computation, and the clusters to perform estimation. 2 : The GPU
performs attention estimation (2-G), and a request is sent to the
buffer manager to retrieve the needed clusters (2-C). 3 : The buffer
manager ensures that the KV blocks are ready in the execution
buffer through parallel data copying. 4 : The GPU computes the
precise attention using the KV vectors in the execution buffer, while
the attention estimation (2-G) result is merged.

4.2 Wave Index

Wave index employs a cluster-based vector index and designs for the
attention mechanism to ensure accurate and efficient computation.
Index Organization. Wave index partitions the KV vectors in
the context into clusters using spherical 𝑘-means [37], based on
the similarity between key vectors. We choose spherical 𝑘-means
because it is widely used for inner-product-based clustering [24],
aligning with the similarity metric between query and key vectors
in attention mechanisms. Each cluster is represented by its centroid,
computed as the mean of its key vectors. We design the wave
index based on a cluster-based vector index for two reasons. First,
centroids serve as compact representatives and can reside in fast
GPU memory, aligning well with CPU-GPU asymmetry. Second,
clustering improves access locality by reducing random accesses
over PCIe. As illustrated in Figure 6, although several similar tokens
(i.e., 2nd, 4th, and 8th) are irregularly distributed in the context,
wave index groups them into the same cluster (i.e., yellow).

When serving a query vector, wave index sorts the centroids
based on the inner product between the query vector and the cen-
troids, as the inner product determines the attention score. Classic
vector indexes have addressed the complexity of high-dimensional
vector spaces to effectively perform clustering and compute cen-
troids [24, 37]. However, the goal of classic ANNS is to retrieve the
top-𝑘 vectors by selecting candidates from clusters and performing
pairwise comparisons to the vectors for further ranking, which is
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costly on GPU. In contrast, wave index retrieves all vectors from
the critical clusters and incorporates them directly into the atten-
tion computation, avoiding the selection cost. Since the clusters are
highly coherent, this design also improves the attention accuracy
by potentially including more tokens that are also important.

To accelerate index construction, we introduce a technique called
segmented clustering, where the input sequence is divided into
segments, and clustering is performed within each segment, instead
of clustering over the entire input sequence as in classic vector
index. For example, in Figure 6, vectors in the first segment (i.e., red,
yellow, and orange ones) are clustered independently of vectors in
the second segment. We describe its rationales and details later.

For physical placement, the meta index, which requires only a
small memory footprint, resides in GPU memory. The meta index
contains a table of centroids, the sum of the value vectors and the
cluster size, as shown in Figure 5. The large volume of key and
value vectors resides in CPU memory, organized into contiguous
KV blocks. This block-based organization facilitates efficient data
movement between GPU and CPU memory.
Tripartite Attention Approximation. We introduce tripartite
attention approximation to ensure the accuracy of attention com-
putation with reduced computation cost by leveraging both the
properties of the attention mechanism and the advantage of vector
retrieval. The final KV vectors used for attention computation con-
sist of three parts: steady zone, retrieval zone, and estimation zone,
and we denote the attention output as 𝑜0, 𝑜1, and 𝑜2 respectively.
Steady, Retrieval, and Estimation Zones. Recent studies have re-
vealed that a range of tokens located at the beginning and end of the
context are consistently important [104]. They are categorized as
steady zone in wave index, as shown in Figure 6. Therefore, tokens
in the steady zone are directly included based on their positions,
rather than being organized into the vector index. The KV vectors
retrieved by the centroids and clusters are categorized as retrieval
zone; these tokens are directly used for attention computation.

Due to the high variety of sparsity ratios across model layers, at-
tention heads, queries, and task types, determining the optimal num-
ber of clusters for the retrieval zone is challenging, if not unattain-
able. To compensate for the potential accuracy loss of non-retrieved
clusters, we introduce an accuracy-bounded attention estimation
mechanism. Tokens in the non-retrieved clusters are categorized
as the estimation zone. This approach effectively handles sparsity
variation without increasing data transfer over PCIe.

Combining the three zones, we have 𝑝 KV vectors in the steady
zone, and𝑚 clusters in the retrieval and estimation zones, with 𝑟
clusters assigned to the retrieval zone and the remaining assigned
to the estimation zone. The𝑚 − 𝑟 clusters in the estimation zone
enhance the robustness of the chosen 𝑟 clusters for retrieval in the
face of varying sparsity ratios, thus improving attention accuracy.
Intuitively, our tripartite attention approximation aligns with the
inherent sparsity of attention. From 𝑜0 to 𝑜2, the attention weight
computation becomes progressively lighter and more approximate,
while the resulting values decrease in magnitude.

The clusters exhibit high coherence and strong alignment with at-
tention scores, along with highly representative centroids (Figure 7),
enabling a robust distinction between the retrieval and the estima-
tion zone. Precise attention computation is critical for top-ranked
centroids, which have a greater impact on the output. In contrast,

the estimation zone targets clusters with lower attention scores,
where lightweight approximations can be applied to significantly
accelerate computation. This design ensures the efficient retrieval
of important tokens while maintaining accuracy by bounding the
influence of tokens in the estimation zone.

Sensitivity analysis in Section 5.4 shows that using a small fixed
steady zone, a small retrieval zone and a larger estimation zone
consistently delivers both high throughput and high accuracy across
different tasks and models.
Accuracy-Bounded Attention Estimation. The key idea for accu-
racy bounded attention estimation is to use the centroids to estimate
the attention weights for all KV vectors within a cluster, thereby
avoiding the computation of attention for each individual KV vector,
striking a balance between accuracy and efficiency.

Consider an attention head with 𝑝 KV vectors in the steady zone
and𝑚 centroids, denoted as C ∈ R𝑚×𝑑 , with corresponding cluster
sizes s ∈ R𝑚×1. The attention weight for the KV vectors in the 𝑖-th
cluster is estimated by:

𝑎𝑖 =
𝑒q·C

𝑇
𝑖
/
√
𝑑∑︁

𝑗=1..𝑝 𝑒
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𝑗
/
√
𝑑 +∑︁

𝑗=1..𝑚

(︂
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𝑇
𝑗
/
√
𝑑
)︂ , 𝑖 = 1..𝑚 (2)

The accuracy of this estimation is assured because the centroid
estimation acts as a lower bound for the sum of exponential inner
product values within a cluster. For the 𝑖-th cluster with 𝑠𝑖 key
vectors, the centroid is the average of all key vectors in the cluster.
By applying Jensen’s inequality [41], we derive the following bound:

C𝑖 =

∑︁
𝑗=1..𝑠𝑖 K𝑗

𝑠𝑖
, 𝑒q·C

𝑇
𝑖
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√
𝑑 ≤

∑︁
𝑗=1..𝑠𝑖 𝑒

q·K𝑇
𝑗
/
√
𝑑

𝑠𝑖
(3)

Figure 7 illustrates the accuracy bound of the estimation. Notably,
while clusters are ranked by centroids (q · Ci

𝑇 ), the estimation is
not monotonically decreasing because the sum of attention scores
within a cluster is influenced by the non-uniform cluster sizes (𝑠𝑖 ).

To further reduce the overhead of accessing corresponding value
vectors, we sum the value vectors of each cluster during the index
construction and store cluster size and summed value vectors (𝑉𝑆 ∈
R𝑚×𝑑 ) in the meta index. This approach avoids individual value
access during inference and is based on the following equality for
the partial attention output 𝑜𝑖 derived from a cluster 𝐶𝑖 and the
attention output 𝑜2 for all non-retrieved clusters:

õi =
𝑠𝑖∑︂
𝑗=1

(𝑎𝑖 · V𝑗 ) = 𝑎𝑖
𝑠𝑖∑︂
𝑗=1

V𝑗 = 𝑎𝑖 ·𝑉𝑆𝑖 , o2 =
𝑚−𝑟∑︂
𝑖=1

õi (4)

As such, the time complexity of attention estimation for non-
retrieved clusters is 𝑂 (𝑚 − 𝑟 ), which is substantially lower than
accessing individual KV vectors, ensuring the efficiency of our
approach, particularly for longer contexts.
Lightweight Index Construction and Updates. Index construc-
tion occurs during the prefilling phase, where the full KV vectors is
offloaded to CPU memory, and clustering is performed on the GPU
to produce the meta index. The main challenges in index construc-
tion are reducing computation overhead to prevent slowing down
the prefilling. While cluster-based vector index incurs lower in-
dex construction cost among vector index approaches, performing
𝑘-means across the entire input sequence is still expensive.
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higher cumulative attention scores, showing the effective-

ness of clustering. Attention estimation (green) follows the

same trend of ground truth with a tight bound.

To save construction cost, wave index introduces segmented
clustering, performing 𝑘-means clustering within each segment
independently, reducing the time complexity of clustering by a
factor of 𝑠 , where 𝑠 is the number of segments. This design is based
on the observation that key vectors exhibit coarse-grained spatial
locality within the input sequence3. Key vectors within a broader
region (i.e., a single segment) tend to be similar to each other but
dissimilar to those in other segments, which negates the need to
include distant keys during clustering. As shown in Figure 6, tokens
from the three clusters (i.e., yellow, red, and orange) are relatively
similar. Though clustering results may vary across different con-
texts or attention heads, tokens in the first segment are unlikely
to be similar to those in the second segment (e.g., green and blue
tokens). Section 5.4 presents the analysis of segmented clustering,
where an 8K segment size achieves index quality comparable to
global 𝑘-means, while significantly reducing the build cost.

Such coarse-grained spatial locality does not contradict the fact
that important tokens (i.e., clusters) are usually scattered through-
out the context (Figure 6). This is due to the fact that similarity-
based clustering is conducted in a high-dimensional vector space
and the query vector in attention behaves as a special type of “out-
of-distribution query vector.” [53] In this context, the key vectors
similar to the query vector can possibly be distant from each other
in the vector space [12]. We address this with a classic centering
technique [64] (inspired by MagicPIG [15]) to ensure the clustering
effectively captures the attention importance.

The spatial locality also helps in managing newly generated to-
kens during decoding. New tokens are appended to the steady zone,
and 𝑘-means clustering is applied once the local window reaches
the size of a segment. This design appends new clusters into the
index, avoiding full re-clustering and significantly reducing index
update overhead. We empirically set the update segment size to 1K
tokens through extensive experiments, a choice that well balances
the inference accuracy and efficiency. Since clustering is performed
once every 1024 tokens, the clustering cost is effectively amortized
among generated tokens. Our evaluation shows that index update
contributes only a 0.2% latency overhead during decoding. A larger
segment size increases GPU memory consumption for buffering
tokens, reducing batch size and limiting decoding throughput.
3We attribute the spatial locality to RoPE [87], which encodes positional information
in key vectors. This effect is confirmed by observing significantly less locality when
performing 𝑘-means clustering on Pre-RoPE versus Post-RoPE key vectors.
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4.3 Wave Buffer

With the wave index, RetroInfer significantly reduces the number
of KV vectors required per query, lowering PCIe traffic to less than
2% of that in full attention. However, the inference throughput
could still suffer due to the limited PCIe bandwidth for long-context
inference. Drawing on the classic wisdom of computer systems, the
performance and capacity disparity betweenGPUmemory and CPU
memory, akin to the von Neumann bottleneck [92], necessitates
the use of buffer caches in the fast, low-capacity GPU memory.
Thanks to the high-quality retrieval provided by the wave index,
adjacent decoding steps for neighboring query vectors show strong
temporal locality, as only important tokens are loaded into GPU
memory. Thus, caching is highly beneficial.

The organization of the wave index, combined with the hardware
characteristics, poses unique challenges in managing the memory
used in RetroInfer to achieve better throughput. Specifically, what
should be cached, how to manage data movement and the control
plane of caching, and finally, how can all these movements be
effectively parallelized? We address these challenges with the wave
buffer, a comprehensive memory management component that
aligns well with the attention mechanism.
Buffer Organization. Within GPU, wave buffer contains a block
cache for the KV vectors in the retrieval zone, a small buffer for
the steady zone, and an attention-layer-share execution buffer. The
control plane of the wave buffer resides in CPU memory, with its
data structures managed by the buffer manager running on a CPU
thread pool. Figure 8 shows the organization of wave buffer.
KV Block Cache. We observe a strong temporal locality of im-
portant tokens: neighboring decoding steps (i.e., query vectors)
have a high overlap of critical tokens due to topic continuity and
syntactic proximity. With a GPU cache size equal to 5% of the total
KV vectors, the average cache hit ratio across tasks ranges from
0.79 to 0.94, indicating high cache ability of important KV vectors.
This observation is also supported by recent works [100, 105].

However, exploiting this temporal locality in the KV Block Cache
is challenging for two reasons. First, a mismatch exists between
the cluster operations and memory management units. Clusters are
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suitable as the logical unit of cache access to align with the wave
index’s cluster-based operations, while fixed-size KV blocks are
preferred as the physical unit of storage for simplicity in memory
management. Since a single cluster can span multiple blocks, a
semantic gap arises between these two units. To bridge it, we intro-
duce a cluster mapping table as a layer of indirection, implemented
as an array indexed by cluster ID for fast access. Each entry is a clus-
ter descriptor (Figure 8), mapping the logical cluster to its physical
block addresses in GPU cache and CPU memory. This design en-
ables efficient translation from cluster-level retrieval to block-level
data movement while preserving management simplicity.

Second, cache management overhead must remain far below
the per-layer decoding latency to maintain the inference efficiency.
Specifically, at a 128K context length, one layer of Llama3-8B exe-
cutes in 720 𝜇s on the GPU. In contrast, integrating a standard LRU
cache implementation with PyTorch-based data transfer introduces
roughly 1.5 ms of additional overhead per layer, which offsets any
potential benefit from reduced PCIe traffic. To meet this stringent
latency requirement, wave buffer introduces two optimizations.
First, we implement dedicated GPU kernels for efficient GPU–CPU
data transfers (detailed in Section 4.6), reducing the copy time from
1.3 ms to 100 𝜇s under cache misses. Second, we move the cache
replacement logic to the CPU, decoupling cache access on the crit-
ical path from expensive cache updates. This is facilitated by the
hybrid GPU-CPU structure–after the lookup, the KV vectors must
be immediately ready for the GPU in the execution buffer, whereas
the cache update can be performed asynchronously by the CPU,
in parallel with the data copy and attention computation. Com-
pared to GPU-native cache management [96], our CPU-managed,
asynchronously updated cache achieves low latency requirement,
simplicity, and better extensibility for various caching policies.
Synchronous Cache Access. The mapping table associates each
cluster ID with its block IDs in either GPUmemory (cached) or CPU
memory (missed). Upon obtaining the cluster IDs in the retrieval
zone for a query, the wave index sends them to the CPU thread
running the buffer manager, which looks up the mapping table
to determine the clusters’ locations and issues the memory copy
accordingly. Table lookup is accelerated using CPUmulti-threading,
without synchronization overhead, as this process is read-only. As
shown in Figure 5, we parallelize the mapping table lookup with
attention estimation on the GPU to reduce inference latency.
Asynchronous Cache Update. Following the mapping table
lookup, the wave buffer immediately submits a cache update request
to the CPU thread pool for asynchronous execution. As a result,
cache updates are decoupled from cache access, allowing the wave
buffer to issue memory copy operations via GPU threads while
concurrently making cache replacement decisions and metadata
updates (e.g., LRU lists) on the CPU. The replacement decision is
then enacted by issuing a request to the GPU to schedule a copy
from the execution buffer to the block cache, thereby admitting the
data into GPU memory and completing the cache update.

Decoupling cache access and update allows CPU latency to over-
lap with GPU execution, accelerating the overall process.
Assemble the Execution Buffer. The execution buffer contains
the final key-value vectors in the steady zone and the retrieval
zone, arranged in contiguous memory. The sequential nature of the
execution buffer makes them directly usable by FlashAttention [18]

to compute the partial attention output. This output is combined
with the estimated attention to produce the final attention output.

Three types of data copy may be needed to assemble the execu-
tion buffer, as shown in Figure 8: 1) from the steady zone (GPU to
GPU), 2) from the KV block cache (GPU to GPU), and 3) from KV
blocks (CPU to GPU). We have developed a highly-optimized copy
operator to accelerate the copy process (details in Section 4.6).

4.4 Constrain Prefilling Latency

Because prefilling is compute-intensive, special care is required to
perform all buffer-related computation (e.g., construct the mapping
table) alongside the lightweight index construction. We carefully
constrain prefilling latency by fully utilizing GPU-CPU parallelism.

After obtaining the Q, K, and V during prefilling, RetroInfer
asynchronously offloads the KV vectors to CPU memory while
the GPU performs segmented clustering. The clustering results are
then sent to the CPU, allowing the wave buffer to asynchronously
construct its data structures, including the mapping table and meta-
data for cache replacement, in parallel with attention calculation.
With this parallelism, only segmented clustering remains on the
critical path of the prefilling phase, and its latency is negligible (less
than 5%, as shown in Section 5.3).

4.5 Scale to Multiple GPUs

Serving inference for larger LLMs typically adopts model partition-
ing across multiple GPUs and model-parallel execution [50, 122].
RetroInfer extends naturally to this setup as the wave index and
wave buffer are modular components co-located with each atten-
tion head, requiring no coordination across layers or heads. In
multi-GPU setting, RetroInfer integrates with partitioned layers
or heads and manages the corresponding index and buffer on each
GPU. Section 5.3 demonstrates its effectiveness.

4.6 Implementation

We implement a custom Triton [90] kernel for segmented clustering
in the wave index. The kernel accepts KV vectors and executes 𝑘-
means in parallel across attention heads and segments. It then
computes the value sums and stores the results in the meta index.

GPU-side memory copies for accessing and updating the KV
block cache and execution buffer are complicated, as source and
destination addresses are often non-contiguous and may involve
both CPU–GPU and GPU–GPU transfers.We implement CUDA ker-
nels (~1,000 LoC) for efficient execution buffer transfers and block
cache updates, skipping over fragmented regions within blocks to
mitigate fragmentation. Since attention heads may exhibit varying
copy patterns due to differing cache hit ratios, number of threads
are dynamically changed to maintain performance.

Attention in the estimation zone differs from standard attention,
as cluster sizes are required to compute attention weights. We
modify FlashAttention [18] kernel to support weighted attention,
which also efficiently merges attention outputs from three zones.

5 EVALUATION

We thoroughly evaluate RetroInfer, comparing it with full at-
tention and state-of-the-art sparse-based KV cache systems across
various models and tasks. The results demonstrate that:
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• RetroInfer outperforms sparsity-based baselines in model accu-
racy, and is the only system that matches full attention accuracy.

• RetroInfer achieves high throughput while scaling the context
lengths and batch size.

• The techniques incorporated into the wave buffer, such as GPU
caching and asynchronous cache updates, effectively minimize
data transfer over PCIe and boost throughput.

5.1 Experimental Setup

We run experiments on a VM server with NVIDIA A100 GPUs
(80GB memory) and an AMD EPYC 7V12 CPU (1.7TB memory). It
has 4 NUMA nodes (12 cores each). The GPU and CPU are linked
via PCIe 4.0 (×16), with a unidirectional bandwidth of 32GB/s. The
server runs Ubuntu 22.04 with CUDA 12.4 and PyTorch 2.5.
Models. We evaluate RetroInfer on four open-source LLMs:
Llama3.1-8B [61], Qwen2.5-7B [78], Llama3-8B-1048K [32] and
Qwen2.5-72B [77]. Llama3.1-8B, Qwen2.5-7B and Qwen2.5-72B sup-
port up to 128K tokens, while Llama3-8B-1048K support a 1048K
context window. Unless otherwise specified, all models are evalu-
ated on a single A100 GPU except that Qwen2.5-72B is evaluated
on eight A100 GPUs by evenly partitioning the model layers across
GPUs. We include two advanced reasoning models DeepSeek-R1-
Distill-Llama-8B [19] and DeepSeek-R1-Distill-Qwen-7B [20], to
evaluate RetroInfer on long-generation reasoning scenarios.
Baselines. We compare with a highly-optimized full attention
baseline that uses FlashInfer [111] in both accuracy and efficiency.
vLLM [43], which internally relies on full attention, is included
for end-to-end latency evaluation in Section 5.3. We also compare
RetroInfer with four state-of-the-art dynamic sparsity-based KV
cache systems: Quest [89], MagicPIG [15], InfiniGen [44], and PQ-
Cache [115]. Quest is GPU-only and employs chunk-based retrieval
based on representative vectors, while other three systems are
GPU-CPU frameworks which offload KV cache to CPU memory.
MagicPIG employs LSH to sample relevant tokens and relies on
CPU for most computation to reduce PCIe transfer. In contrast, In-
finiGen speculatively prefetches important tokens to GPU based on
similarity between adjacent layers. PQCache, a recent system that
applies ANNS to attention, leveraging product quantization (PQ) to
identify important tokens and load them to GPU for computation.
We use their open-sourced codes [40, 58, 74, 76] for evaluation.
Parameters. Each sparsity-based baseline uses the parameters
from its original paper4. RetroInfer uses one centroid per 16
tokens on average, with segments of 8K tokens and 10 iterations
for 𝑘-means to balance index quality and build time. The retrieval
budget is set as 1.8%5 across different sparsity-based systems and
tasks, aligning with the budget used in [15] for fair comparison.
For RetroInfer, the steady zone contains 4+64 tokens for initial
and local windows while the estimation zone is set as 23.2% of total
clusters so that three zones cover ∼25% of the context. We study
the impact of different zone sizes in Section 5.4. For wave buffer,
we explored several cache policies and selected LRU as default due

4Quest uses a chunk size of 16 and applies full attention to the first two model layers;
MagicPIG employs 10 hash functions and 150 hash tables and applies full attention
in selected layers; InfiniGen uses 32 partial channels; PQCache uses 2 partitions and
6-bit PQ codes for context ≤ 16K and switches to (4, 8) for context > 16K.
5For RetroInfer, in the 128K context with 8192 clusters, we set 150 clusters in the
retrieval zone, so the retrieval budget is 150

8192 ≈ 1.8%.
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Figure 9: RULER accuracy under different context lengths

and models. RetroInfer is the only solution that matches

full attention accuracy across different context lengths.

to its best performance. The GPU cache size is empirically set as
5% of all KV vectors and the block size is set as 2KB. We use 24
logical threads in one NUMA node. MagicPIG uses all cores from
two NUMA nodes, following its original setting [58].
Benchmarks. We utilize two representative long-context bench-
marks for end-to-end accuracy evaluation. (1) RULER [38]: a com-
prehensive benchmark covering 13 different tasks such as aggre-
gation and question answering. Each task contains 200 examples,
under context lengths from 8K to 128K. (2) Needle-in-a-haystack
(NIAH) [33]: it challenges LLMs to retrieve critical information
(“needle”) from a context (“haystack”). We use NIAH to stress
model’s accuracy up to 1 million tokens. End-to-end task accuracy
is used to show the inference quality of RetroInfer and baselines.

We also utilize two widely used reasoning benchmarks, AIME24
[68] and GPQA [80], to evaluate long-generation ability, which
feature inputs with a few hundred tokens and up to 32K output
tokens. For GPQA, we uniformly sample 50 examples for evaluation.

We evaluate RetroInfer and other baselines’ inference effi-
ciency with different batch sizes and context lengths. By default,
we use Llama3-8B-1048K and NIAH to test RetroInfer up to 1
million tokens. Additional models and tasks and end-to-end evalu-
ations are also covered in Section 5.3.

5.2 Inference Accuracy

We first analyze the end-to-end accuracy on different benchmarks.
RULER and NIAH. Figure 9 shows the average task accuracy of
different systems under different context lengths on RULER. For all
context lengths and models, RetroInfer consistently matches the
accuracy of full attention and outperforms all sparsity-based base-
lines. At 128K context, RetroInfer has only a drop of 0.66%/1.50%/
1.97%/0.73% compared to full attention on Llama3.1-8B/Qwen2.5-
7B/Llama3-8B-1048K/Qwen2.5-72B, respectively. Compared to the
sparsity-based systems, RetroInfer achieves accuracy improve-
ments ranging from 1.40% to 46.47%. These results indicate that
RetroInfer is able to effectively retrieve important tokens using
wave index and cover the varying sparsity by estimation robustly.

Figure 10 further shows that RetroInfer achieves 100% accuracy
with context lengths up to 1 million tokens. This demonstrates our
system’s capability to support million-token with high accuracy.
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Table 1: Reasoning tasks accuracy (pass@8 [65]). RetroIn-

fer achieves comparable accuracy to full attention.

Systems AIME24 GPQA Systems AIME24 GPQA
DeepSeek-Llama 73.30 68.00 DeepSeek-Qwen 76.70 72.00
Quest 46.70 50.00 Quest 46.70 62.00
InfiniGen 36.70 62.00 InfiniGen 60.00 66.00
PQCache 30.00 58.00 PQCache 13.33 46.00
RetroInfer 76.70 68.00 RetroInfer 73.30 68.00

Reasoning Tasks. We evaluate RetroInfer on two reasoning
benchmarks [68, 80] using reasoning models [19, 20]. The eval-
uation follows the standard settings [21] and sets the maximum
generation length as 32K. Since the input length is relatively short,
we do not construct indexes during the prefilling stage. As the
generation progresses, once the combined length of prompt and
generated tokens exceeds 1K, the index is initialized and then up-
dated incrementally with an update segment size of 1K tokens. We
excludeMagicPIG from the comparison, as it does not support index
updates for long-generation tasks. Table 1 shows that RetroInfer
matches the accuracy of full attention and achieves higher accuracy
compared to the baselines, demonstrating RetroInfer’s strong ca-
pability for long generation. Notably, RetroInfer achieves higher
accuracy than full attention in some tasks. This is because the spar-
sity mechanism helps filter out less informative tokens generated
by the reasoning process [14, 109], allowing the model to attend to
more relevant context and improve generation quality.
Compatibility with Sparse Prefilling. RetroInfer and other
baselines focus on optimizing the decoding phase. Now we study
RetroInfer’s compatibility with the state-of-the-art sparse prefill-
ing methods XAttention [106] andMInference [42], which aim at re-
ducing prefilling latency. We evaluate RetroInfer on RULER with
and without them, as shown in Figure 11. The accuracy RetroInfer
combined with XAttention or MInference only drops by 1.52% on
average. This demonstrates that RetroInfer is compatible with
prefilling acceleration techniques.

5.3 Inference Efficiency

We first evaluate decoding throughput across context lengths and
batch sizes, followed by prefilling latency analysis, and lastly stress
test the end-to-end request latency and throughput of all systems
under different loads. vLLM is not suitable for direct comparison
in decoding throughput, as it employs internal request scheduling
policy [4], making it challenging to explicitly control the batch size.
Thus we only include it in end-to-end evaluation.
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Figure 12: Decoding throughput at different context lengths

(Llama3-8B-1048K). RetroInfer scales well with the batch

size and achieves the best throughput on all lengths.

Decoding Throughput. Figure 12 shows the decoding throughput
of RetroInfer and other systems across four different context
lengths ranging from 30K to 1M. For the context length of 30K, 60K
and 120K shown in Figure 12 (a–c), RetroInfer outperforms full
attention by 4.1×, 4.4×, and 4.4× respectively. The speedup over
sparsity-based systems ranges from 3.3× to 22.8×. The efficiency
of RetroInfer stems from wave buffer, significantly extending the
batch sizes while maintaining low overhead. When the batch size is
small, full attention and Quest show comparable or slightly higher
throughput than RetroInfer due to their fully GPU processing, but
they cannot scale beyond GPU memory. MagicPIG’s throughput is
constrained by limited CPU compute, while InfiniGen suffers from
low throughput due to relatively expensive speculative operations
and frequent PCIe data transfers. PQCache falls behind mainly due
to its inefficient GPU-CPU memory management and increasing
overhead of fetching PQ codebook as the context length increases.

At 1M context, full attention and Quest incur OOM. InfiniGen
face the same issue as the key cache retrained on GPU for specula-
tion exceeds GPU memory. Therefore, we compare only with the re-
maining systems. RetroInfer outperformsMagicPIG and PQCache
by 10.5× and 12.2×, respectively. This demonstrates RetroInfer’s
efficiency for supporting extremely long-context.

We also evaluate the decoding throughput on different tasks and
models. As shown in Figure 13(a), RetroInfer outperforms full at-
tention by 3.4–4.6× across different tasks. The throughput variation
across tasks is due to differing cache hit ratios. The advantage over
sparsity-based systems still holds, with RetroInfer achieving 2.6–
3.5× throughput than the best-performing baseline Quest on four
tasks. Figure 13(b) shows that RetroInfer outperforms baselines
by 2.4–24.4× on four models. Thus, RetroInfer is effective across
different model architectures and model sizes (7B to 72B). The 72B
model scales well across multi-GPUs, maintaining an advantage
ranging from 2.5× to 24.4× over baselines.
Prefilling Latency. We evaluate the prefilling latency across con-
text lengths. To avoid OOM errors at 1024K context, we offload
the KV cache to CPU memory and measure the prefilling latency.
Offloading introduces only 0.4% overhead for the prefilling. As il-
lustrated in Figure 14, RetroInfer achieves only 6% and 3% higher
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prefilling latency than full attention at 120K and 1M context lengths,
respectively. We attribute this to the lightweight segmented cluster-
ing and asynchronouswave buffer construction. To reduce prefilling
latency, RetroInfer can be combined with sparse prefilling meth-
ods; for example, at 1M context, XAttention and MInference help
reduce the prefilling time to about 600𝑠 and 220𝑠 , respectively.
End-to-end Efficiency. We further evaluate end-to-end request la-
tency and throughput including both prefilling and decoding phases
under varying loads. We choose two representative workloads: (1)
long input, consisting of 120K input tokens and 4K output tokens;
and (2) long output, consisting of 512 input tokens and 32K output
tokens. Figure 16 shows the latency-throughput curves.

For long-input workloads, under low load (e.g., two requests),
RetroInfer is slightly slower than GPU-only full attention, Quest,
and vLLM because they do not incur PCIe transfers. To better utilize
GPU resources under lighter loads, we implement a GPU-only ver-
sion of RetroInfer denoted as “RetroInfer-GPU”, which achieves
latency comparable to Quest. When the load increases, RetroInfer
scales well and achieves 1.8–7.8× higher throughput than baselines
at the same latency. We further integrate a sparse prefilling tech-
nique XAttention with all baselines for lower prefilling latency,
but only show “RetroInfer+XAttention” in Figure 16 for better
readability. With XAttention, RetroInfer achieves even greater
gains, delivering 2.1–10.5× throughput speedup.

For long-output workloads, we exclude MagicPIG due to lack of
index update support. As shown in Figure 16(b), with the relatively
small context (≤ 32K), the KV cache can fit into GPUmemory under
low loads. At this load, RetroInfer does not outperform GPU-
only baselines, but switching to RetroInfer-GPU achieves latency
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Figure 16: End-to-end request throughput vs. average latency

at two workloads. RetroInfer scales well on both.

comparable to Quest. As load increases, RetroInfer outperforms
baselines by 2.7–70.8× by supporting larger batch sizes.

5.4 Micro Analysis

We quantify the impact of individual design decisions of RetroIn-
fer including different components of wave buffer, impact of differ-
ent zone sizes and segment sizes and effect of attention estimation.
Effect of Design Decisions in Wave Buffer. We assess the
impact of two design choices in the wave buffer: GPU caching and
asynchronous cache updates. As shown in Figure 15, without GPU
caching (Base), throughput cannot scale with increasing batch sizes,
primarily due to PCIe bandwidth constraints. Adding GPU caching
substantially reduces data transfer, enabling scalable throughput.
Furthermore, the asynchronous update of the mapping table further
boosts throughput by reducing latency on the critical path.
Impact of Different Zone Sizes. We study the impact of different
zone sizes on model accuracy and efficiency using two represen-
tative tasks from RULER. The retrieval task s3_niah exhibits high
sparsity, whereas qa_1 shows more sparsity variation depending on
the questions posed to the context. When varying the size of one
zone, we keep other zone sizes fixed as in the evaluation setting. We
report the decoding throughput on A100 and A6000 GPU (48 GB
memory) [67] respectively to evaluate efficiency across hardware.

As shown in Figure 17(a-b), increasing the retrieval budget im-
proves task accuracy but greatly reduces throughput due to increas-
ing PCIe data transfers. RetroInfer reaches full-attention accuracy
at a 1.8% retrieval budget across tasks, with diminishing returns
beyond this point. The 1.8% budget is robust across tasks due to
RetroInfer’s estimation zone, which efficiently captures varying
sparsity. We analyze this in detail below.

Figure 17(c-d) shows that increasing estimation budget improves
accuracy, reaching to full-attention accuracy at∼23.2%, with greater
gains for tasks with higher sparsity, like qa_1. Unlike retrieval,
estimation imposes lower overhead on decoding throughput thanks
to its lower computational cost and avoidance of PCIe transfers.
This motivates our choice to keep the retrieval zone small (1.8%)
and allocate a relatively larger estimation zone (23.2%) to capture
varying sparsity patterns, for both high throughput and accuracy.

We empirically set the steady zone size to 4+64 based on common
practice [15, 104]. More configurations (e.g., sink tokens only) are
evaluated in Figure 17(e-f). Both sink and local window tokens
are important, with sink tokens contributing more to accuracy.
Larger steady zone sizes yield marginal accuracy gains, making
4+ 64 sufficient. Moreover, steady zone size has minimal impact on
throughput due to its relatively small size.
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Impact of Attention Estimation. We quantify its effect by com-
paring RetroInfer with and without attention estimation. As de-
picted in Figure 18(a), estimation enhances task accuracy by up to
20%. Importantly, this improvement is achieved without compro-
mising efficiency, as it can be overlapped with wave buffer accesses.
Impact of Different Segment Sizes. We study the impact of
different segment sizes on both clustering execution time and index
accuracy, using KV data from layer 10 of Llama3-8B-1048K with
mv_niah task under 128K context. Recall@100 is used as the metric
for clustering accuracy. As shown in Figure 18(b), reducing segment
size from 128K (standard global 𝑘-means) to 8K results in less than
1% drop in recall, benefiting from spatial locality, while reducing
index build time by 80%. However, further decreasing the segment
size worsens clustering quality. Experiments across models and
tasks show consistent trends. Based on this, we set the segment
size to 8K as a balanced configuration.

6 RELATEDWORK

LLM Serving Systems. Recent research has explored various
strategies for LLM serving efficiency [3, 26, 29, 43, 51, 82, 88, 112,
123, 124]. LoongServe [99] proposes an elastic sequence parallelism
scheduling for long-context requests while Helix [60] focuses on
scheduling requests across heterogeneous GPU clusters. They are
complementary to RetroInfer, which focuses on efficiently manag-
ing long-context KV cache. Many works [13, 27, 28, 75, 113] offload
KV cache to external storage for reuse across requests. RetroInfer
can be combined with these works to reduce prefilling latency.
Sparse Attention. To accelerate long-context inference, many
works exploit attention sparsity to reduce computation andmemory
pressure. Static sparsity methods [49, 103, 104] use fixed patterns
during decoding but compromise model accuracy. This motivates
dynamic sparsity systems [15, 44, 89, 102, 108, 118] to heuristi-
cally select important tokens per step for better accuracy. Some

works [23, 36, 53] explore vector indexes for KV cache retrieval but
restrict their use to prefix caching or offline inference due to the
high index construction cost. ClusterKV [54] employs clustering but
lacks adaptability to varying sparsity, leading to suboptimal perfor-
mance. Different from these works, RetroInfer designs wave index
and wave buffer holistically for efficient KV cache management.

PyramidKV [9] and D2O [93] adapt retrieval budgets across
layers but ignore sparsity variation across queries and tasks. Tac-
tic [125] adjusts budgets via distribution fitting, though its accuracy
depend on fitting precision. Our work focuses more on system-
level design than on pure algorithmic improvements. Some sparse
attention approaches [30, 114] require model retraining to learn
dynamic sparsity, while RetroInfer is training-free. Other tech-
niques include KV cache quantization [35, 56, 116, 117] and prefill
sparsity acceleration [42, 106] are complementary to our work.
LLMWeight Sparsity. Model weight compression or offloading [6,
52, 83, 86, 107, 121] reduces the memory requirement for the LLM
itself. They are orthogonal to RetroInfer, which targets for long-
context scenarios where the KV cache is the memory bottleneck.
Vector Data Management. Managing vector data is an important
problem in data management domains, including vector database
systems [11, 34, 71, 94, 110], vector indexing and retrieval tech-
niques [25, 57, 59, 63, 69, 72, 95, 97, 119]. Retrieval-augmented gen-
eration (RAG) [47, 55, 120] retrieves external knowledge to enhance
LLMs, which is orthogonal to KV cachemanagement in RetroInfer
that focuses on the vector management inside the LLM context.

7 CONCLUSION

Wepresented RetroInfer, a vector storage engine for high through-
put inference on long-context LLMs. To efficiently manage the KV
cache and exploit attention sparsity, RetroInfer introduces a co-
designed software stack integrating an attention-aware vector index
(wave index) with a runtime control plane (wave buffer) for hetero-
geneous memory systems. The wave index improves the trade-off
between attention accuracy and retrieval cost, while the wave buffer
decouples attention approximation from system efficiency, enabling
scalable execution across GPUs and CPUs. We demonstrate that
RetroInfer not only achieves significant speedups over baselines,
but also preserves model accuracy.
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