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Abstract
Native sparse attention has emerged as a promising approach
for efficient long-context LLM inference without compro-
mising accuracy. While it significantly reduces the attention
computation and KV cache access costs, the KV cache size
exhibits steeper linear growth with the context length. As a re-
sult, GPU HBM capacity becomes the bottleneck, limiting the
concurrency of long-context requests and leading to poor hard-
ware utilization and low generation throughput. We introduce
ECHO, a serving system designed for native sparse-attention
LLMs that employs KV cache offloading to overcome GPU
HBM capacity limits. ECHO incorporates a graph-friendly
cache manager that enables efficient dynamic KV cache evic-
tion and recall entirely within GPU graphs, minimizing man-
agement overhead. Furthermore, by exploiting the numerical
predictability of index scores and the sequential processing
of queries, ECHO enables lossless intra-query prefetching for
decoding and inter-query prefetching for prefill. By applying
a fully pipelined fused GPU kernel, ECHO overlaps the re-
call overhead with indexer computation. Experiments show
that ECHO delivers up to 2.1× higher generation throughput
than state-of-the-art systems such as SGLang and vLLM un-
der long-context workloads, while maintaining comparable
latency under light load.

1 Introduction

Large language models (LLMs) have gained remarkable
prominence for their ability to excel across diverse tasks and
have been widely deployed in a variety of applications, such
as chatbots, agents, and coding copilots [10, 24, 33]. To han-
dle increasingly complex tasks such as multi-turn dialogue,
long-horizon planning, and repository-level code understand-
ing, the context windows of LLMs are rapidly expanding
to accommodate longer inputs and maintain longer memory.
Mainstream LLMs now typically support context windows
of 128K tokens [15, 41], and frontier models can reach up to
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1 million tokens [11, 57]. As a result, long-context inference
has become a critical workload in production LLM serving.

Although extended context windows unlock powerful ca-
pabilities, processing long-context requests incurs significant
efficiency issues because the cost of self-attention increases
quadratically with context length. While KV cache is intro-
duced to avoid recomputation, it does not change the quadratic
complexity. Leveraging the inherent sparsity of attention com-
putation, sparse attention has been extensively studied and
employed to reduce the costs of attention [26, 49]. Typically,
sparse attention methods first estimate the attention scores of
tokens, prune less critical tokens, and then compute attention
only over the top-k tokens with the highest scores.

These methods are training-free, making them simple to
deploy. However, they often lead to accuracy degradation,
which can impair model performance, particularly on com-
plex tasks. To this end, recent works propose applying sparse
attention during pre-training or post-training to mitigate or
eliminate accuracy degradation [32, 65, 68]. For example, the
recently released DeepSeek-V3.2 incorporates training-time
sparse attention, employing a lightweight indexer to identify
and select important tokens [13]. It shows comparable or bet-
ter performance against state-of-the-art full attention models
on various complex, long-context tasks [18], demonstrating
the promising potential of native sparse attention models.

Sparse attention, whether training-free or training-time,
significantly reduces the computation cost of long-context
processing; however, it does not shrink the KV cache itself,
and the memory footprint still grows linearly with context
length. Consequently, GPU HBM capacity can be quickly
exhausted even with a modest number of concurrent long-
context requests. For instance, with DeepSeek-V3.2 deployed
on 8 NVIDIA H200 GPUs (141 GB each), a single worker
can accommodate only up to 655K tokens, allowing at most
six concurrent requests of 100K tokens each. The resulting
low request concurrency directly degrades hardware utiliza-
tion, and the intrinsically lower arithmetic intensity of sparse
attention kernels further exacerbates this under-utilization.

To overcome the limitations imposed by GPU HBM ca-
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pacity, recent works propose offloading the KV cache to host
memory during inference with sparse attention, thereby alle-
viating GPU memory pressure and enabling higher request
concurrency [6, 26]. Only KVs of selected tokens are loaded
or recalled from the host to GPU memory for sparse attention
computation. However, few KV cache offloading systems
are designed for realistic serving scenarios. Most existing
offloading approaches rely on inefficient cache-management
strategies that introduce substantial overhead and are incom-
patible with graph execution such as CUDA Graphs, thereby
limiting their practical applicability.

Moreover, the limited bandwidth of host-GPU intercon-
nects such as PCIe can impose substantial overhead dur-
ing KV recall operations. Several studies attempt to mit-
igate this overhead by pre-selecting important tokens and
prefetching their KVs, exploiting inter-layer or inter-step sim-
ilarity [26, 30, 62]. However, such prefetching introduces ad-
ditional accuracy degradation beyond that inherent to sparse
attention, undermining model reliability on complex tasks
and limiting adoption in production deployments.

To address these issues, we present ECHO, a serving sys-
tem for native sparse attention LLMs under long-context
workloads through efficient KV cache offloading. Note that
ECHO can also serve models with training-free sparse atten-
tion. Since these methods inherently incur accuracy degrada-
tion, we focus on more challenging native sparse attention
LLMs with higher model performance in this work. ECHO
improves serving efficiency along two axes. First, ECHO
introduces a graph-friendly cache manager that eliminates
variable-length tensors and updates cache states using fully
parallel operations. This design enables all management tasks
to execute entirely within the GPU graph, thereby minimiz-
ing management overhead. Second, to mitigate recall over-
head without compromising accuracy, ECHO exploits the
numerical predictability of index scores to break the top-k
dependency, enabling intra-query prefetching during indexer
execution in the decoding phase. For prefill, ECHO leverages
the sequential processing of queries to enable inter-query
prefetching. Both prefetching operations in ECHO are loss-
less, with guaranteed recall that preserves model accuracy. In
addition, ECHO fuses prefetching into the indexer kernels
using software pipelining, enabling prefetching to overlap
with indexer computation.

In summary, this paper makes the following contributions:

• We identify the GPU memory-capacity limitations inher-
ent in serving native sparse attention LLMs and present
ECHO, an efficient long-context serving system with
KV cache offloading.

• We design a graph-friendly cache manager that enables
the entire decoding path to execute within a single graph,
minimizing cache-management overhead.

• We reveal the numerical predictability of index scores,

enabling lossless intra-query prefetching during decod-
ing, and exploit the sequential processing of queries to
enable lossless inter-query prefetching for prefill.

We implement ECHO atop the state-of-the-art serving
framework SGLang [69] and kernel library DeepGEMM [12].
Experimental results show that ECHO delivers up to 2.1× gen-
eration throughput improvement over SGLang when serving
DeepSeek-V3.2 under long-context workloads, while main-
taining comparable latency under light load. Code is available
at https://github.com/sjtu-zhao-lab/ECHO.

2 Background and Motivation

2.1 LLM Inference and KV Cache
Transformer LLMs comprise multiple Transformer layers,
each with an attention module and a feed-forward network
(FFN). In attention, the hidden states X ∈ RL×D are projected
into query, key and value tensors (Q,K,V∈RL×d), where L is
the context length and D,d are the model and attention dimen-
sions, and the output is Attn(Q,K,V) = softmax

(QK⊤
√

d

)
V.

To scale model capacity at low computational cost, modern
LLMs augment FFNs with a Mixture-of-Experts (MoE) archi-
tecture of sparsely activated expert FFNs [9]. MoE parameters
can reach hundreds of billions or even a trillion, imposing
substantial GPU memory demands during inference [17, 50].

KV Cache LLMs generate tokens in an autoregressive
manner, appending each newly produced token to the input
sequence to generate the next. Mainstream LLMs adopt a
decoder-only architecture in which a causal mask is applied
to QK⊤ during attention computation. Consequently, the K
and V tensors depend only on preceding tokens and can be
cached to avoid redundant computation, a mechanism known
as KV cache. With KV cache, LLM inference proceeds in two
stages: prefill and decoding. The prefill stage processes the
entire input sequence, computes the KV cache, and produces
the first output token. During decoding, the query vector of the
most recently generated token, together with the cached KV
tensors from all previous tokens, is used to compute attention
for generating subsequent tokens. Prefill efficiency is typically
evaluated using time-to-first-token (TTFT) and input-token
throughput, whereas decoding performance is assessed using
inter-token latency (ITL) and output-token throughput.

Attention Variants The original Transformer utilizes multi-
head attention (MHA) with Q,K,V ∈ RH×L×d , where H is
the number of heads [53]. The attention of each head is
computed independently, and outputs of all heads are con-
catenated and projected for later computation. To reduce
the memory cost of KV cache and increase the arithmetic
density, grouped-query attention (GQA) is adopted by many
LLMs [2]. In GQA, K,V ∈ RHkv×L×d contain fewer heads
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than Q, and a group of G = H
Hkv

query heads share a single KV
head. While multi-query attention (MQA) further improves
efficiency by setting Hkv = 1, it introduces substantial accu-
racy degradation, which has limited its broader adoption [47].
To strike a better balance between accuracy and efficiency,
multi-head latent attention (MLA) employs low-rank com-
pression to KV tensors [16]. Specifically, MLA first down-
projects the hidden states to compressed latent vectors, i.e.,
C = WDKV X ∈ RL×dc , and then reconstructs the KV tensors
for attention computation by up-projecting the latent vectors,
namely (K,V) = (WUKC,WUV C). The up-projections can
be further absorbed, and only the latent vectors C need to be
cached during inference. Compared to GQA, MLA is both
more mathematically expressive and more efficient [34], lead-
ing to its adoption in recent models [21, 50].

2.2 Sparse Attention in LLMs
The context windows of LLMs are rapidly expanding to sup-
port increasingly complex tasks, reaching 128K and even
1M tokens in state-of-the-art models [11]. To alleviate the
quadratic growth of attention computation with context length,
a variety of sparse-attention methods have been proposed.
These approaches compute attention only over the KV ten-
sors of the selected k tokens, reducing computational cost
from O(L2) to O(Lk).

Training-free Sparse Attention Most sparse attention
methods are training-free, requiring no training or finetuning
of the original models. Early methods select tokens statically,
leveraging sliding window or vertical-slash patterns in atten-
tion [23,58]. However, static sparsity typically incurs substan-
tial accuracy degradation. To address this, dynamic methods
determine sparsity patterns at inference time based on approx-
imated attention scores (i.e., approximations of QK⊤). For
efficient score approximation, Quest [49] compresses each K
block into two label vectors and estimates block importance
from those labels to select important blocks for attention. Al-
ternatively, InfiniGen [26] identifies critical channels of Q
and K and approximates attention scores using only the re-
tained channels. In general, dynamic sparse attention methods
follow one of two strategies to reduce approximation cost:
compressing along the context dimension or pruning along
the channel dimension [6, 31, 60].

Training-time Sparse Attention To eliminate the accuracy
degradation associated with training-free sparse attention, re-
cent works explore training-time sparse attention. By incor-
porating sparsity during pre-training or post-training, model
parameters are adapted to sparse-attention outputs, allowing
the model to preserve its native accuracy at inference time.
Sliding window attention (SWA) is one of the simplest forms
of training-time sparse attention [22]. Following the block-
wise paradigm, MoBA [32], NSA [65], and InfLLM-v2 [68]

compress K blocks into label vectors using direct pooling or
learnable MLPs.

DeepSeek Sparse Attention (DSA) Building on MLA,
DSA implements training-time sparse attention by introduc-
ing a lightweight indexer [13]. The indexer is an MQA-like
module, computing token-importance scores that are used to
select the most relevant tokens for sparse MLA. Specifically,
given a query token t, the importance, namely the index score,
of token s is measured by

Hindex

∑
h=1

wI
h,t ReLU(qI

h,t ,k
I
s), wI

h,t ∈ R and qI
h,t ,k

I
s ∈ Rdindex

where Hindex is the number of indexer heads, dindex is the
indexer dimension, wI

h,t ,q
I
h,t are weights and query vector

of indexer head h and token t, while kI
s is the key vector of

token s shared by all indexer heads, respectively. Tokens with
the top-k highest importance are selected for sparse MLA
computation. To ensure indexer efficiency, Hindex and dindex
are set much smaller than their counterparts in MLA. For
example, in DeepSeek-V3.2, the indexer uses Hindex = 64 and
dindex = 128, whereas MLA employs H = 128 and dc = 512.
Moreover, DSA applies low-precision FP8 formats for qI and
kI to further improve indexer efficiency, and the ReLU is also
more efficient than the original softmax. To the best of our
knowledge, DSA is currently the only training-time sparse
attention method that has been validated on large scale models
and realistic complex tasks [18], and it has since been adopted
by other models such as the GLM-5 series [20].

2.3 KV Cache Offloading
While sparse attention reduces the computational cost of at-
tention and the amount of KV data accessed, the total size
of the KV cache still grows linearly with context length. To
support extremely long contexts and large batch sizes under
limited GPU HBM capacity, recent works propose offloading
the KV cache to host DRAM and loading back, i.e., recall,
only the selected KVs needed for sparse-attention compu-
tation [6, 26, 30, 31, 48, 62, 66, 72]. During inference, KV
tensors for individual tokens or token blocks are dynamically
evicted and recalled, enabling long-context execution within
constrained GPU memory budgets. To reduce the substantial
recall overhead caused by the limited bandwidth between host
DRAM and GPU, InfiniGen [26] and FreeKV [30] propose to
pre-select important tokens and prefetch their KVs, leveraging
inter-layer and inter-step similarity, respectively.

Beyond dynamic token-level offloading, static request-level
KV cache offloading has also been adopted in general LLM
serving systems [8,19,39,59,64]. Unlike token-level schemes,
request-level offloading loads the entire KV cache of a prior
context into GPU HBM when a request arrives, and no evic-
tion or recall occurs during inference. KVs are evicted only
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Figure 1: GPU HBM usage of DeepSeek-V3.2 (AWQ) on
8×H20 (96GB) and DeepSeek-V3.2 (FP8) on 8×H200
(141GB). Space for MLA KV cache and indexer K cache
increases linearly with the number of tokens.

after the corresponding request completes. These systems
focus on improving request-level hit rates to reduce TTFT.

2.4 Motivation and Challenges
Efficiently serving sparse attention models is becoming in-
creasingly important with the emergence of native sparse
attention LLMs. However, existing systems struggle to effi-
ciently serve these models under long-context workloads, due
to the following limitations and challenges.

Motivation 1: GPU HBM capacity becomes a primary bot-
tleneck for hardware utilization and generation through-
put when serving native sparse attention LLMs under
long-context workloads. While sparse attention signifi-
cantly reduces the computation and KV cache access costs, it
increases the KV cache size due to storing additional K cache
of the indexer, resulting in a steeper linear growth with the
context length. Consequently, for long-context requests, GPU
HBM capacity constrains the achievable batch size or request
concurrency, directly limiting hardware utilization and gen-
eration throughput. This bottleneck is further exacerbated by
the substantial HBM consumption of MoE parameters and
the intrinsic inefficiencies of current sparse attention kernels.

Figure 1 shows the GPU HBM usage of the DeepSeek-V3.2
model as the number of tokens increases. The left plot presents
the 4-bit quantized model using AWQ [29] on 8 NVIDIA
H20 (96GB) GPUs, and the right plot shows the original FP8
model on 8 NVIDIA H200 (141GB) GPUs. Model parame-
ters are sharded across GPUs using tensor parallelism (TP8).
In both configurations, parameters consume more than 60%
of the available GPU HBM, leaving room for only ∼4.1M and
∼5.2M tokens, respectively. Although these numbers appear
sufficient, the KV cache of MLA cannot be partitioned via
tensor parallelism. Instead, data parallelism (DP) is typically
used for the MLA module; as a result, each worker can support
only ∼511K tokens (AWQ) and ∼655K tokens. In practice,
the space for KV cache is even smaller due to runtime over-
heads such as CUDA graph metadata. For DeepSeek-V3.2
(AWQ) running on 8×H20 GPUs with SGLang configured
with TP8 and DP8 for MLA [43], we observe that each DP

Figure 2: Hardware utilization in TFLOPS of the sparse and
dense FlashMLA kernels across different batch sizes.

worker can accommodate at most 380K tokens. This implies
that, for requests with ∼100K tokens, each DP worker can
serve only 3–4 concurrent requests, severely limiting hard-
ware utilization and generation throughput.

Intrinsic inefficiencies in sparse attention kernels ex-
acerbate the under-utilization problems. Figure 2 shows
the hardware utilization (TFLOPS) of sparse and dense
FlashMLA [27] decoding kernels on NVIDIA H20, across
varying batch sizes and context lengths. Benefiting from high
arithmetic density, dense MLA kernels can fully exploit the
hardware even at small batch sizes, where a batch size of 8 is
adequate for 64K contexts. However, due to non-continuous
memory access of the sparse attention kernel, its utilization
is much lower than the dense kernel, requiring much larger
batch sizes to saturate the hardware. Therefore, the limitation
from HBM capacity is more severe for sparse kernels and
models. Considering the full DeepSeek-V3.2 (AWQ) model
deployed on 8×H20 GPUs, the capacity of 511K tokens can
accommodate up to 8 requests of 64K tokens, and the corre-
sponding kernels suffer from under-utilization issues (only
53% utilization), as marked in Figure 2.

As described in Section 2.3, KV cache offloading has been
widely studied for long-context inference with limited GPU
HBM. However, none of them achieves efficient long-context
serving for native sparse attention models in realistic scenar-
ios. We summarize the characteristics of representative KV
cache offloading systems in Table 1. First, static request-level
offloading such as Strata requires the entire KV cache of
requests to be stored in GPU HBM during inference, thus can-
not reduce the runtime HBM usage or improve concurrency.
While ArkVale, InfiniGen, FreeKV and CLO support dynamic
token-level offloading, they are not serving systems and do
not support techniques such as continuous batching [63] or
multi-GPU inference.

While SparseServe supports serving scenarios with dy-
namic offloading, its cache management is inefficient and
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Table 1: Comparison of representative KV cache offloading systems.

Strata [59] ArkVale [6] InfiniGen [26] FreeKV [30] CLO [62] SparseServe [72] ECHO

Category Static Dynamic Dynamic Dynamic Dynamic Dynamic Dynamic
Serving Framework ✔ ✘ ✘ ✘ ✘ ✔ ✔

Graph Execution ✘ ✘ ✘ ✘ ✘ ✘ ✔

KV Prefetch ✘ ✘ Lossy Lossy Lossy ✘ Lossless
Worker Scale Multi-GPU Single-GPU Single-GPU Single-GPU Single-GPU Single-GPU Multi-GPU
Model Scale 70B Dense 7B Dense 13B Dense 14B Dense 14B Dense 8B Dense 671B MoE

Figure 3: (a) Normalized generation throughput of DeepSeek-
V3.1 (dense attention) and DeepSeek-V3.2 (sparse attention)
under eager and graph execution. (b) Allocation and free la-
tency of the SGLang allocator and our graph-friendly allocator
across different sizes.

cannot support graph execution, which captures execution
flow as a deterministic graph and eliminates kernel launch
overhead. Graph execution is almost necessary in practical
serving frameworks to eliminate significant kernel launch
overhead at the decoding stage [54, 55]. The effect of graph
execution is even more pronounced for native sparse attention
LLMs with more operators and kernels. Figure 3(a) shows the
normalized generation throughput for DeepSeek-V3.1 with
dense attention and DeepSeek-V3.2 with sparse attention,
using SGLang with graph execution (CUDA graph) and with-
out (Eager). As shown, for DeepSeek-V3.1, graph execution
improves throughput by 1.2×, while the improvement for
DeepSeek-V3.2 is 1.5×.

Furthermore, for dynamic offloading where eviction and
recall can happen at each decoding step and model layer,
cache management can incur significant overhead, especially
at the compute-light decoding stage. Graph execution can
also reduce the management overhead, however, it requires
the captured graph completely running on GPU, without any
CPU control or synchronization. Cache managers and allo-
cators in existing serving systems typically rely on dynamic
tensor slicing or concatenation, which cannot be captured by
graph execution and can introduce nontrivial overhead. To
quantify this cost, we compare the allocation and free latency
of the SGLang allocator with the graph-friendly allocator used
by ECHO (Section 4), using a KV pool of 300K tokens. As
shown in Figure 3(b), one allocation followed by one free
takes about 12 µs with the SGLang allocator, whereas the
graph-friendly allocator reduces this cost to 6–8 µs, achieving

Figure 4: Latency of indexer computation across different
context lengths, and latency of recall across different hit rates,
profiled using DeepSeek-V3.2 on NVIDIA H20 GPU.

1.6–1.9× lower latency. Moreover, the SGLang allocator re-
lies on dynamic CPU-side control, which prevents the decod-
ing path from being captured as a graph. Its impact therefore
extends beyond the allocator’s own management overhead,
eliminating the graph execution benefits for end-to-end decod-
ing shown in Figure 3(a). An alternative is piecewise graph
execution [55], which runs dynamic operations eagerly while
capturing the static computation into graph pieces. However,
since eviction and recall occur at every layer in each decoding
step, the graph would break at all layers, reintroducing fre-
quent CPU control and kernel launches at the compute-light
decoding stage. In contrast, ECHO keeps the entire decoding
path within a single full graph, eliminating these per-layer
overheads. All existing offloading systems in Table 1 cannot
support graph-friendly cache management, incurring signifi-
cant management and kernel launch overhead.

In summary, building an efficient, practically usable dy-
namic KV cache offloading serving system demands graph-
friendly cache management.

Motivation 2: Recall overhead can be substantial,
while the indexer computation provides an opportunity
for prefetching. Compared with GPU HBM bandwidth,
host–GPU interconnect bandwidth is typically one to two or-
ders of magnitude lower. Consequently, KV recall introduces
significant overhead and degrades inference efficiency, as all
selected tokens’ KV tensors must be transferred to the GPU
before the subsequent attention computation. To mitigate
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this recall overhead, InfiniGen, FreeKV, and CLO propose
pre-selection and prefetching of important tokens. However,
these approaches rely on inter-layer or inter-step similarity
to approximate attention scores, which introduces accuracy
degradation on complex tasks due to imperfect prediction.

Prefetching without compromising accuracy appears in-
feasible due to the sequential dependence among indexer,
recall, and attention. However, a key observation that enables
breaking this sequential constraint is that indexer computation
has complexity O(L2), whereas recall requires only O(Lk).
Specifically for decoding, the indexer must access the K cache
and compute index scores for all L preceding tokens, whereas
recall requires loading the KV cache for at most k selected
tokens, where k is a fixed constant (e.g., 2048) and L grows
with context length. In practice, offloading systems maintain
a cache for KV of selected tokens on GPU, thus the actual
number of recalled tokens is typically less than k.

We present the latency of indexer computation across vary-
ing context lengths and the latency of MLA KV recall across
varying hit rates during decoding in Figure 4, profiled on
NVIDIA H20 GPU which connects with the host via 64GB/s
PCIe Gen5. As the context length and hit rate increase, the
latency of indexer computation can eventually exceed that of
recall, for example, when the context approaches 100K tokens
and the hit rate reaches 90%. Recall overhead can be further
reduced when using higher-bandwidth interconnects such as
NVLink or SXM, which provide 600–900 GB/s of through-
put [35]. Because indexer computation and recall contend for
distinct hardware resources (GPU compute versus PCIe or
other interconnect bandwidth), the recall latency can, in princi-
ple, be partially or even fully overlapped through prefetching
performed concurrently with indexer computation.

However, similar to other sparse attention methods, DSA
selects tokens with top-k highest scores, which can only be
determined after computing the index scores for all previous
tokens. Consequently, the recall can only be launched after
the indexer computation.

To summarize, the second challenge is that the top-k selec-
tion hinders prefetching during indexer computation, leaving
PCIe bandwidth idle and preventing the recall latency from
being overlapped with indexing.

To overcome all these challenges, we present ECHO, an
efficient LLM serving system with host-side KV cache of-
floading. To resolve Challenge 1, ECHO incorporates a graph-
friendly cache manager that uses tensor-based metadata and
parallel in-graph update operations, enabling graph execu-
tion while minimizing cache management overhead. To re-
solve Challenge 2, ECHO introduces lossless intra-query and
inter-query prefetching, leveraging numerical predictability
of index scores and deeply fused pipelining kernels to enable
prefetching and overlap the recall overhead.

Figure 5: Overview of the ECHO design.

3 Overview of ECHO

The overview of ECHO is presented in Figure 5. As shown,
each DP attention worker maintains KV cache pools on GPU
and host memory, where the host pool can be much larger
than the GPU pool to support more requests and higher con-
currency. The DP scheduler routes requests to the selected
DP worker. During inference, the K cache of sparse attention
indexer is persistently stored in the GPU pool, while the gen-
erated MLA KV cache is stored in both the host and GPU
pools, where the GPU pool serves as a cache for selected
tokens in sparse attention.

The graph-friendly cache manager maintains metadata for
the status of the host and GPU pools, which is updated upon
recall or eviction. All metadata is on GPU and all update
operations can be captured and replayed for graph execution
in decoding, executing completely within the GPU graph
and minimizing the management overhead. During indexer
computation, ECHO prefetches a subset of important tokens,
with prefetching fused into the indexer kernel and software-
pipelined to hide its overhead. After the indexer computation,
a guaranteed recall is launched for the selected tokens that are
not yet in the GPU pool. The token eviction priority is then
adjusted based on the index scores from the indexer.

Prefill-Decoding (PD) Disaggregation PD disaggregation
is a widely applied deployment paradigm [38, 70] that elim-
inates interference between prefill and decoding, yielding
better SLO attainment and optimization flexibility. ECHO is
a general system that supports both PD disaggregation and
mixed execution. While mixing prefill and decoding requests
achieves better throughput in some scenarios [1, 56], we sug-
gest deploying ECHO and other dynamic offloading systems
with PD disaggregation for the following reasons. First, for
prefill, the number of selected tokens in sparse attention can
be substantial, as the selection of each token is independent
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and the total selection is the union set of all prefill tokens.
In the worst cases, a prefill request accesses KV cache of all
previous tokens, which requires a huge number of tokens in
the GPU pool and evicts lots of tokens from other requests,
significantly degrading the overall throughput. Second, a sub-
stantial amount of KV cache needs to be transferred to the host
memory during prefill. While ideally the PCIe bandwidths
between host-to-GPU and GPU-to-host are independent, we
observed that the transfer during prefill interferes with recall,
degrading efficiency.

In the PD disaggregation setting, ECHO disables offloading
on prefill instances, because prefill has limited concurrency
and utilization issues as long as GPU HBM can accommo-
date a single long-context request (up to 128K tokens for
DeepSeek-V3.2). On decoding instances, ECHO stores the
KV cache transferred from prefill instances in host memory,
and then launches decoding to prefetch and recall KV cache
of selected tokens. This ensures that only KV cache selected
during decoding is transferred to GPU, avoiding unused KV
loads and maximizing HBM utilization.

4 Graph-Friendly Cache Manager

4.1 Management Metadata
Besides common metadata such as block tables in existing
systems [25], ECHO maintains additional status metadata of
KV cache pools for efficient dynamic eviction and recall. All
metadata is stored as integer tensors on GPUs and updated
in parallel to minimize overhead. Specifically, the metadata
includes the following tensors:

• GPUTokenFree: A bitmap indicating whether each slot
in the GPU pool is currently free.

• GPUTokenPriority: Per-slot eviction priority for the
GPU pool. Tokens with lower priorities are evicted first;
free slots are initialized with priority −1.

• GPUIndicesBuffer: A buffer holding GPU pool indices
produced by the allocate and free operations.

• GPUTokenToHost: A mapping from each GPU pool slot
to its corresponding host pool index, initialized to ∞ to
denote an empty slot.

• HostTokenToGPU: A mapping from each host pool slot
to its corresponding GPU pool index, initialized to ∞ to
indicate the token is not currently cached on GPU.

All these metadata tensors are statically pre-allocated and
fixed-length because graph execution does not allow dynami-
cally created or variable-length tensors.

In existing systems, the KV cache pool is managed in a
per-model manner, where KV slots are allocated or freed con-
sistently across all model layers. However, dynamic eviction

and recall in sparse attention produce divergent cache states
across layers, as each layer selects different tokens. Therefore,
ECHO manages the GPU pool per-layer, with metadata main-
tained independently for each layer. The host pool remains
per-model, as it is unaffected by dynamic eviction and recall.

Storage Overhead of Metadata Let NH and NG denote the
number of tokens in the host and GPU pools, respectively. The
length of HostTokenToGPU is NH , and the lengths of all other
tensors are NG. GPUTokenFree stores boolean elements and
other tensors store 32-bit integers. Therefore, the storage cost
of all metadata is 4NH + 13NG bytes. Given NH = 2M and
NG = 200K in our setting, the metadata size is about 10MB
per layer, totaling 610MB for DeepSeek-V3.2.

4.2 Parallel In-Graph Update Operations
The cache manager updates the status of KV cache pools and
metadata using three basic operations: allocate, free, and re-
call. Compared to the per-model management, which requires
only one update per model forward pass, the per-layer man-
agement requires updating for each model layer. To minimize
management costs, ECHO introduces parallel in-graph up-
date operations. All operations are processed efficiently and
entirely in parallel on GPU, and are captured and executed in
the graph during decoding, eliminating host interference and
minimizing overhead.

Allocate The allocate operation is used to allocate slots
from the GPU pool, which is required when (i) accommo-
dating newly-generated KV cache and (ii) preparing slots
for tokens to be recalled. It first calls free to ensure there
are enough free slots. Allocation in existing systems intro-
duces variable-length tensors through dynamic tensor slic-
ing [69], making it incompatible with graph execution. ECHO
designs an efficient, parallel allocation operation, addressing
this limitation. As shown in Figure 6, the GPU threads read
the GPUTokenFree in parallel, and threads with free slots
launch atomicAdd to a global counter. The return value of
atomicAdd is the old value of the counter, determining which
threads should allocate their slots. For the example in Figure 6,
slots for thread 1 and thread 5 are allocated. Correspondingly,
the metadata tensors are updated by: (i) incrementing the pri-
orities of the newly allocated tokens, and (ii) establishing a
mutual mapping between the GPU slots (1,4) and the host
slots (3,4). Finally, the indices of the allocated GPU slots are
output to a buffer for later use. The allocate operation is fully
parallel and processed entirely on the GPU, achieving com-
patibility with graph execution by avoiding the introduction
of variable-length tensors.

Free The free operation releases GPU pool slots when the
available space is not adequate, providing room for: (i) newly-
generated KV cache, and (ii) the KV cache of tokens being
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Figure 6: The metadata and update operations in the graph-friendly cache manager of ECHO.

recalled from the host pool. Tokens with the lowest priorities
are evicted first, forming an LRU-like eviction policy, and
eviction requires only updating the metadata. Notably, there is
no need to transfer KV cache to the host pool during eviction,
because the KV cache of all tokens has already been backed
up to the host pool during generation.

Similar to allocation, free in existing systems relies on
dynamic tensor concatenation, which is inefficient and not
compatible with graph execution. To overcome this limita-
tion, ECHO designs an efficient parallel free operation. As
shown in Figure 6, it first increments the priorities of pro-
tected GPU slots to avoid releasing those slots. Specifically,
the selected tokens of the sparse indexer are protected to pre-
vent them from being evicted. Following the protection phase,
a parallel argtopk operation is launched to obtain the indices
of the GPU slots with the lowest priorities. The result in-
dices are output to the GPUIndicesBuffer, thereby avoiding
the creation of dynamic variable-length tensors that conflict
with graph execution. A parallel scatter is then used to up-
date GPUTokenFree and GPUTokenToHost using the output
indices. HostTokenToGPU is also updated accordingly, where
∞ indicates that the corresponding token in the host pool is
not present in the GPU pool. Tokens in the host pool are
only freed upon request completion, which is managed by the
per-model block tables.

Recall As shown in Figure 6, the cache manager ob-
tains the host pool indices of the selected tokens from the
sparse attention indexer, and uses a parallel scatter on
HostTokenToGPU to identify which tokens are missing from
the GPU pool. It then calls free and allocate to prepare
GPU pool slots for the recalled tokens. Using the allocated
GPU slot indices in GPUIndicesBuffer and the host pool
indices of the missing tokens, the cache manager (i) updates
GPUTokenToHost and HostTokenToGPU accordingly, and (ii)
transfers the corresponding KV cache from the host pool to
the GPU pool. The KV transfer is performed by accessing
host memory directly in GPU kernels via unified virtual mem-
ory [59,72], which eliminates host-side interference, improves
PCIe bandwidth utilization, and preserves graph execution.

Figure 7: The 2048-th highest index scores in layers 3 and 50
of DeepSeek-V3.2 and prediction using EMA with α = 0.5
during decoding.

4.3 Implementation
The implementation of ECHO is based on SGLang [69]. The
cache manager utilizes PyTorch tensors [4] to maintain meta-
data, and the efficient parallel update operations are imple-
mented with custom Triton [52] kernels. While management
overhead can be further reduced through specialized CUDA
kernels on NVIDIA GPUs, the Triton implementation offers
better compatibility, enabling efficient dynamic offloading
across a wider range of hardware backends.

5 Fused Lossless Prefetching

5.1 Intra-query Prefetching for Decoding
As discussed in Section 2.4, the top-k selection hinders
prefetching during indexer computation. In contrast, top-p
selection, which has been well studied in training-free sparse
attention, allows a token to be selected as soon as its score
exceeds a threshold p [28, 71]. Under a top-p scheme, dur-
ing indexer computation, any token whose score surpasses p
can be recalled immediately, enabling intra-query prefetch-
ing. Therefore, prefetching becomes feasible if the top-k
selection can be reformulated to top-p selection.

A key numerical property we identify is that the k-th highest
score at the current decoding step exhibits strong predictabil-
ity from historical indexer scores. In Figure 7, we present the
k-th (k = 2048) highest score of layers 3 and 50 in DeepSeek-
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Figure 8: The number of candidate tokens for prefetching in
layers 3 and 50 of DeepSeek-V3.2. The blue line uses 0 as
the prediction, while the yellow line uses EMA with α = 0.5.

V3.2 during decoding, using a 20K-token request from the
ShareGPT dataset [42]. We predict the k-th highest score
using exponential moving average (EMA). Specifically, let
st denote the k-th highest score at step t. The k-th highest
score at step t +1 is predicted with ŝt+1 = α · ŝt +(1−α) · st ,
where α ∈ (0,1) is the smoothing factor. As shown in Fig-
ure 7, EMA can predict the k-th highest score of the next step
accurately. Therefore, leveraging this prediction, ECHO can
prefetch tokens whose scores exceed the predicted threshold
during indexer computation, enabling efficient intra-query
prefetching without violating top-k semantics.

In Figure 8, we present the number of tokens whose scores
are larger than the predicted value, i.e., the candidate tokens
for prefetching. As shown, the number of candidate tokens
is close to k = 2048 at most decoding steps, indicating the
effectiveness of our EMA prediction.

At some decoding steps, the number of candidate tokens
exceeds 2048 as the predicted threshold may underestimate
the true 2048-th highest score. Since prefetching too many
tokens can slow down indexer computation, we set an upper
bound on the number of prefetched tokens and enforce it using
a global counter, as detailed in Section 5.3.

5.2 Inter-query Prefetching for Prefill
Compared to decoding, prefill natively offers the opportunity
for inter-query prefetching. During prefill, the indexer par-
titions the input Q into multiple blocks and processes them
sequentially. Since prefill sequences are typically long and
span many Q blocks, once the scores for Q block i are com-
puted, ECHO can prefetch the selected tokens for Q block i
concurrently with the score computation for Q block i+1.

However, we find that obtaining the exact top-k for selec-
tion during indexer computation can significantly degrade in-
dexer performance. Therefore, ECHO uses an approximate
top-k to obtain a subset of top-k tokens for prefetching.
Specifically, our approximate top-k builds on the radix select

Figure 9: Threshold bin sizes of prefill chunks when comput-
ing approximate top-k with and without score shifts, profiled
using DeepSeek-V3.2. The boxes and whiskers show the dis-
tribution of threshold bin sizes for tokens in the corresponding
prefill chunk.

top-k algorithm [46], which constructs histograms of scores
and filters higher scores in multiple rounds. Instead of apply-
ing all the filter rounds, we only build a coarse histogram and
filter by one round to get a subset of top-k tokens with highest
scores. The scores are mapped to the histogram with 256 bins
based on their most significant 8 bits, and tokens within the
largest bins are candidates for prefetching. Denote the size
of bins as S0,S1, ...,S255. Selecting the highest j bins implies
that S = S255− j+1 + ...+S255 ≤ k and S255− j + ...+S255 > k.
The bin 255− j is referred to as the threshold bin, and its size
determines the lower bound of the number of selected tokens,
since S = S255− j+1 + ...+S255 > k−S255− j.

Therefore, to approximate top-k as accurately as possible,
we need to minimize the size of the threshold bin. Similar to
intra-query prefetching, we use the EMA of the k-th highest
score from the ending tokens of the previous prefill chunk to
predict the threshold for the current chunk. During histogram
construction, scores are shifted by subtracting the predicted k-
th highest score to minimize the size of the threshold bin. As
shown in Figure 9, shifting scores with the EMA prediction
significantly reduces the size of the threshold bin, enhancing
the accuracy of the top-k approximation.

5.3 Fused Prefetching Kernels with Pipelining
To hide overhead and benefit from prefetching, ECHO fuses
prefetching operations into indexer computation kernels, lever-
aging warp specialization and software pipelining.

Warp Specialization Warp specialization is an advanced
kernel optimization technique for modern GPUs [5]. Tradi-
tionally, GPUs follow the Single-Instruction Multiple-Thread
(SIMT) programming model, where all threads within a warp
execute the same instructions. However, modern GPUs in-
creasingly feature specialized hardware units such as tensor
cores and tensor memory accelerators (TMAs), which the
SIMT model alone cannot fully exploit. Warp specialization
addresses this by assigning distinct roles to different warp
groups within a Cooperative Thread Array (CTA) [3]. For ex-
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Figure 10: Data flow and timeline of the fused intra-query
prefetching kernel for decoding.

ample, some warps load data from global memory via TMA,
while others focus on computation with tensor cores.

Software Pipeline To further improve hardware utilization,
asynchronous barriers allow the execution of different warp
groups to overlap, forming a multi-stage software pipeline [5].
Software pipelining has been widely applied to overlap matrix
multiplication with softmax or KV cache loading in attention
computation [45, 61].

The fused prefetching kernels in ECHO are built based
on the indexer computation kernels from DeepGEMM [12].
Specifically, the original kernel employs a two-stage pipeline,
with producer TMA warps loading data from the global mem-
ory to shared memory, and consumer GEMM warps comput-
ing index scores using data in shared memory.

Figure 10 illustrates the fused intra-query prefetching ker-
nel for decoding. Since the number of query tokens can be
small during decoding, the indexer computation is partitioned
by splitting the K cache of indexer. Each streaming multipro-
cessor (SM) computes index scores between a query vector
and a part of indexer K cache. The query vector is persistent in
shared memory, while the TMA warps iteratively load indexer
K blocks from global memory to shared memory. The GEMM
warps consume the K blocks, compute index scores and out-
put to the shared memory. The scores are then consumed by
the prefetch warps, which compare them with the estimated
top-k score and identify tokens that can be prefetched. As
shown, the kernel employs a three-stage pipeline of TMA,
GEMM and prefetch. To prevent prefetching from block-
ing indexer computation, we allocate more pipeline stages to
prefetching and use a global counter to control the number
of prefetched tokens. The maximum number is proportional
to context length, because indexer computation time is also
proportional to context length.

The fused inter-query prefetching kernel for prefill is il-
lustrated in Figure 11. Different from decoding, the indexer
computation for prefill is partitioned by splitting on query.
Each SM computes index scores between assigned Q blocks
and all the corresponding K blocks. The TMA warps load
Q blocks in the outer loop and K blocks in the inner loop,

Figure 11: Data flow and timeline of the fused inter-query
prefetching kernel for prefill.

respectively. The GEMM warps output score blocks to shared
memory, which are consumed by the prefetch warps. Scores
are shifted using the estimated top-k scores as offsets, and
scanned to build a histogram. Once computation of the current
Q block is finished, the prefetch warps consult the histogram
and load tokens with scores above the threshold. Meanwhile,
TMA and GEMM warps continue computing scores for the
next Q block, forming a software pipeline that overlaps com-
putation and prefetching.

6 Evaluation

6.1 Setup

Testbed All experiments are conducted on a single node
equipped with 8 NVIDIA H20 (96GB) GPUs connected to
the host via 64GB/s PCIe Gen5. The node features a 224-core
Intel Xeon Platinum 8480+ CPU with 1.5TB DRAM.

Baselines and Configurations We compare ECHO with
the state-of-the-art LLM serving systems, including vLLM
(v0.11.1) and SGLang (v0.5.4), with CUDA 12.9 and Py-
Torch 2.8. Both ECHO and SGLang are deployed using data
parallelism (DP8) for attention and tensor parallelism (TP8)
for MoE. vLLM is deployed using TP8 for both attention
and MoE because vLLM does not support the DP+TP com-
bination, and using expert parallelism (EP) for MoE incurs
substantial GPU HBM costs and fails to launch on our 8×H20
node. We set the size of chunked prefill to 2048 for all the
frameworks. CUDA graph during decoding is enabled for all
the frameworks. The host KV cache pool in ECHO is set to
1.8M tokens, consuming about 1000GB of host memory.

Workloads Since the original FP8 DeepSeek-V3.2 cannot
fit in the HBM of 8×H20, we evaluate using the 4-bit quan-
tized DeepSeek-V3.2-Exp model [40], with the indexer and
layers 0, 1, 2 and 60 left unquantized to preserve accuracy. For
the long-context workload, we sample a subset of 318 requests
with 80K–100K tokens from InfiniteBench [67], amounting
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Figure 12: Generation throughput on InfiniteBench under
varying request rates on 8×H20, with each system configured
to use all available GPU HBM. Annotated numbers denote
the effective batch size.

Figure 13: Generation throughput on InfiniteBench under
constrained GPU HBM capacity, with output length limited
to 256 tokens. Annotated numbers denote effective batch size.

to about 26M input tokens in total. For the short-context work-
load, we sample requests from the ShareGPT [42] dataset.

6.2 Token Generation Throughput
In this section, we evaluate the token generation throughput in
a PD disaggregated setting. The 8×H20 node is launched as
a decoding instance, and we pre-compute the KV cache of re-
quests, which can be directly loaded by the decoding instance
during inference. SGLang requires a pseudo prefill instance
to work properly, incurring some GPU memory overhead.

Maximum Throughput We first evaluate the maximum
throughput that can be achieved on the 8×H20 node by allo-
cating all available GPU HBM. We set a fixed output length of
256 tokens for all requests to reduce variance from long-tail
generations and ensure that all DP workers are saturated. As
shown in Figure 12(a), ECHO achieves comparable genera-
tion throughput with SGLang and vLLM at low request rates,
and scales more effectively as request rates increase. At Inf
request rate, where all requests are sent to the serving sys-
tems at the same time, ECHO achieves up to 2.15× and 4.1×
throughput improvements against SGLang and vLLM, respec-
tively. The throughput improvement achieved by ECHO is

Figure 14: Per-task generation throughput on InfiniteBench
without capping output length. The histograms below each
task show the corresponding output-length distribution.

enabled by offloading the KV cache to the host pool, which
yields larger effective batch sizes, i.e., the average number of
active requests processed per decoding step, and higher hard-
ware utilization. On the 8×H20 node, SGLang’s 325K-token
GPU KV pool supports only 3 to 4 concurrent InfiniteBench
requests per GPU, yielding an effective batch size of about 30
across DP workers. vLLM’s TP deployment further limits its
total KV pool across 8 GPUs to 180K tokens due to duplicated
MLA KV cache, reducing its effective batch size to about 1.5.
However, vLLM partly offsets this limitation because TP de-
ployment lowers per-step latency, so its throughput does not
decrease in proportion to its effective batch size. In contrast,
ECHO’s host KV cache pool can accommodate 1.8M tokens
and sustains much larger effective batch sizes.

Throughput without Output Length Limit Figure 12(b)
reports generation throughput without imposing a fixed
output-length cap. Compared with Figure 12(a), longer gen-
erations improve DP worker utilization at low request rates,
increasing the throughput of both ECHO and SGLang. At
higher request rates, however, long-tail generations introduce
load imbalance across DP workers, leaving some workers
idle and reducing the throughput of both systems. In contrast,
vLLM uses pure TP and is not affected by DP load imbal-
ance. Moreover, for long-tail requests, end-to-end throughput
is dominated by inter-token latency, thus the higher ITL of
ECHO narrows its throughput advantage over SGLang.

Throughput with Constrained GPU HBM Usage We fur-
ther evaluate the generation throughput when the constraints
on GPU HBM capacity are more severe, which can arise from
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Figure 15: Mean TTFT, ITL, and end-to-end latency of ECHO
and SGLang on the ShareGPT dataset.

larger MoE parameters. We set a fixed output length of 256
tokens to measure maximum throughput and compare with
Figure 12(a). With a 200K-token GPU KV cache pool for
both ECHO and SGLang, ECHO’s throughput advantage in-
creases to 3.10× at the Inf request rate (Figure 13(a)). When
the GPU pool is further limited to 110K tokens for all three
systems, SGLang and vLLM degrade substantially since their
effective batch sizes are bounded by GPU pool size. In con-
trast, ECHO maintains high throughput by relying on host KV
cache pool for a larger effective batch size, achieving up to
4.12× higher throughput than SGLang (Figure 13(b)). ECHO
also slightly improves under constrained GPU HBM due to
lower management overhead from the smaller GPU pool.

Per-task Throughput of InfiniteBench We further evalu-
ate ECHO on individual InfiniteBench tasks without output
length limit. As shown in Figure 14, ECHO improves av-
erage output throughput by 27.07% on Code.Debug, 2.83%
on En.MC, and 7.11% on En.QA, while slightly underper-
forming SGLang by 1.74% on Code.Run. The gains are less
consistent than in Figure 12 for two reasons. First, the per-
task workloads contain relatively few requests (75, 160, 31,
and 42, respectively), which limits the available concurrency
and prevents them from saturating all DP workers. Second,
as shown by the histograms, per-task output lengths are more
skewed, causing a few long-tail requests to dominate task
runtime and allowing SGLang’s lower inter-token latency to
offset ECHO’s higher effective batch size.

6.3 Inference Latency

In this section, we evaluate inference latency in a mixed
PD setting. We randomly sample 100 requests from the
ShareGPT [42] dataset as a short-context, light-load workload.

Figure 16: Latency breakdown of ECHO and SGLang. (a) Per-
layer prefill latency. (b) All-layer decoding latency, decom-
posed into graph replay and kernel execution. (c) All-layer
offloading overhead of ECHO in one decoding step, including
allocate, free, recall, and KV cache offload.

The mean TTFT, ITL, and end-to-end latency of ECHO and
SGLang are presented in Figure 15. Overall, ECHO maintains
latency close to SGLang while enabling higher long-context
throughput. The TTFT changes by at most +7.9% across
request rates, mainly due to the overhead of backing up the
generated KV cache to host memory during prefill. The ITL
overhead is more visible because decoding performs per-layer
cache management and KV recall, ranging from +2.7% to
+27.8%. This overhead is largest under light load because
each decoding step processes fewer concurrent requests, leav-
ing less computation to amortize the fixed cache-management
and recall costs; it drops to 2.7–7.7% for request rates of 0.3
and above. As a result, the end-to-end latency overhead is
15.9–19.2% at low request rates of 0.1–0.2, but decreases to
at most 7.2% for request rates of 0.3 and above, and remains
below 4.6% from 0.5 to Inf. The results suggest that although
ECHO minimizes the overhead of dynamic KV cache offload-
ing, it still introduces a latency tradeoff and is most beneficial
for throughput-oriented long-context serving.

Latency Breakdown Figure 16 presents a detailed latency
breakdown of ECHO on the ShareGPT workload under the
Inf request rate. For prefill, ECHO increases per-layer latency
from 6.82 ms to 7.42 ms, an 8.8% increase. The increase
mainly appears in the attention component, reflecting the
KV cache management and offload overhead introduced by
ECHO. For decode, Figure 16(b) reports the all-layer latency,
which ECHO increases by 2.8% over SGLang. We decompose
the latency into graph replay, MoE and other kernels. MoE
accounts for about 70% of the all-layer latency, including de-
quantization, GEMM, and AllReduce communication. ECHO
adds 5.9 ms to graph replay, mainly due to CPU-side launch
and metadata overhead. The offloading-specific overhead re-
mains small, as shown in Figure 16(c), where allocation, free,
recall, and KV offload take 0.167 ms, 0.572 ms, 0.145 ms, and
0.261 ms across all layers, respectively, totaling 1.15 ms, or
only 0.28% of the all-layer decoding latency. Specifically, allo-
cation and free operate on the recalled KV slots, averaging 37

28    20th USENIX Symposium on Operating Systems Design and Implementation USENIX Association



Figure 17: Per-layer GPU pool hit rates of DeepSeek-V3.2
(AWQ) on InfiniteBench, averaged across decoding steps.

Figure 18: Latency comparison between disabling and en-
abling intra-query prefetching.

tokens per decoding step, while KV offload writes one newly
generated token per active request, averaging 13 tokens per
DP worker. These results show that graph-friendly cache man-
agement keeps dynamic offloading overhead modest, while
high GPU-pool hit rates further reduce recall traffic. The re-
maining 6.8 ms increase mainly comes from ReduceScatter
synchronization across DP workers, due to ECHO’s larger
concurrency and communication jitter.

6.4 In-Depth Performance Analysis
6.4.1 Hit Rates of the GPU Pool

We collect and dump the hit rates of selected tokens in the
GPU pool of each layer when serving the InfiniteBench in
Section 6.2, and present the hit rates averaged across decoding
steps in Figure 17. As shown, the hit rates for most layers are
consistently high, ranging from 0.97 to 0.99. The hit rates of
layer 12 and layer 17 are at 0.95 and 0.88, respectively. The
high hit rates are consistent with the observation of vertical
lines in the attention pattern [23], or similar token selection
of adjacent query tokens [30].

Figure 19: End-to-end generation throughput comparison be-
tween disabling and enabling intra-query prefetching.

Figure 20: Latency comparison between disabling and en-
abling inter-query prefetching.

6.4.2 Intra-query Prefetching for Decoding

In Figure 18, we present the latency of indexer computation
with and without intra-query prefetching across different con-
text lengths, batch sizes and GPU pool hit rates, along with the
latency of their corresponding guaranteed recall. As shown,
intra-query prefetching achieves significant total latency re-
duction for hit rates of 0.5 and 0.9, up to 1.29× and 1.51×,
respectively. Specifically, the recall overhead can be almost
completely overlapped for hit rate 0.9. The improvements for
hit rate 0.97 are modest given that most of selected tokens are
already available in the GPU pool and do not require recall.

We further evaluate its end-to-end impact under the same
setting as Sec. 6.2. As shown in Figure 19, enabling intra-
query prefetching improves generation throughput by up
to 4%. This gain is smaller than the microbenchmark im-
provement since the GPU pool hit rate remains high on In-
finiteBench, thus only a small fraction of selected tokens need
to be recalled and can benefit from prefetching. In addition,
as demonstrated in Figure 16(c), MoE layers account for a
large share of end-to-end decoding time, limiting the impact
of reducing recall overhead. Using expert parallelism or a
more efficient MoE kernel would reduce this bottleneck and
make the end-to-end benefit of prefetching more pronounced.

6.4.3 Inter-query Prefetching for Prefill

In Figure 20, we present the latency of indexer computa-
tion with and without inter-query prefetching across differ-
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ent KV context lengths and batch sizes, using 256 and 512
query tokens, respectively. Compared to decoding, the re-
call overhead during prefill is much higher because the se-
lection for each query token is independent, resulting in up
to number of query tokens× k tokens being selected in total.
Consequently, the benefits of prefetching are limited, yielding
at most a 1.1× improvement. We do not include a separate
end-to-end throughput ablation for inter-query prefetching,
since the PD-disaggregated evaluation in Sec. 6.2 uses pre-
computed KV cache. Moreover, the microbenchmark suggests
that its end-to-end gain would be modest under our conser-
vative assumptions. However, this result underestimates the
potential of inter-query prefetching, as our evaluation assumes
that the top-k tokens selected by different query tokens are
randomly distributed, whereas prior work has observed sub-
stantial overlap across query tokens [30]. Exploiting this over-
lap could reduce redundant recall traffic and further improve
inter-query prefetching, which we leave to future work.

7 Discussion

Generalizability to Other Sparse Attention Since DSA is
currently the only publicly available native sparse attention
validated on large-scale models, ECHO mainly targets DSA
and MLA. Nonetheless, the graph-friendly cache manager of
ECHO is compatible with both training-time and training-free
sparse attention, since it addresses the general system prob-
lem of managing dynamic sparsity patterns where selected
KV entries must be evicted and recalled during decoding. It is
naturally suited to token-wise sparse attention such as DSA,
and can also support block-wise sparse attention by changing
the metadata granularity and extending the kernels with the
KV-head dimension used in GQA-based models. Overall,
the cache manager of ECHO should be viewed as a system
substrate for dynamic sparse-attention serving rather than a
design tied only to DSA, although DSA remains the most
compelling target today because of its native model support
and strong long-context accuracy. In contrast, intra-query and
inter-query prefetching rely on properties of the DSA indexer,
including a selection boundary that is numerically predictable
across decoding steps and a prefill procedure that exposes a
sequence of query blocks whose candidate KV entries can
be identified before the exact selection finishes. Other sparse
attention mechanisms can benefit from the same prefetching
framework when they expose similar early-selection signals,
such as threshold-based selection or multi-stage top-k selec-
tion. This also suggests an opportunity to co-design training-
time or training-free sparse attention with prefetch-friendly
selection mechanisms, which we leave to future work.

Throughput-Latency Tradeoff and Practical Deployment
As discussed in Section 6.3, offloading introduces latency
overhead from cache management and data transfer, making

ECHO most attractive for throughput-oriented long-context
serving. Recent offloading systems make a throughput-first
tradeoff, using dual-batch execution to overlap offload over-
head with computation, but may further increase the la-
tency [7]. Although this makes offloading a throughput-first
technique today, we believe its additional latency can be sub-
stantially narrowed. Specifically, cache-management over-
head can be reduced through more dedicated kernel optimiza-
tions [44], while transfer overhead will benefit from faster
host-GPU interconnects. For example, NVLink-C2C provides
900GB/s on Grace-based systems and is expected to reach
1.8TB/s on Vera-based systems [36]. These trends suggest
that offloading can remain practical even for latency-sensitive
deployments, while its main advantage today is still in im-
proving throughput under long-context pressure.

Applicability when KV Cache is More Plentiful Although
recent models reduce per-token KV-cache cost through quanti-
zation and hybrid attention [14,37,51], and newer accelerators
provide 200GB or more of HBM, we believe KV-cache capac-
ity will remain an important bottleneck and that offloading
will continue to matter. On one hand, long-context inference is
becoming increasingly common in agentic workloads, where
context lengths of 1M tokens are already entering mainstream
use, and the demand for even longer context is likely to con-
tinue growing. On the other hand, model parameters, espe-
cially MoE parameters, continue to scale toward and beyond
the trillion-parameter regime, leaving less HBM available for
KV cache under a fixed hardware budget. As a result, im-
provements in KV cache efficiency and HBM capacity are
likely to be offset by simultaneous growth in context length
and model size, making efficient offloading and hierarchical
KV cache management a persistent system concern.

8 Conclusion

ECHO is a serving system for native sparse attention mod-
els under long-context workloads, built around efficient KV
cache offloading. ECHO incorporates a graph-friendly cache
manager that minimizes management overhead. To reduce re-
call overhead, ECHO introduces lossless intra-query prefetch-
ing based on the numerical predictability of index scores,
as well as inter-query prefetching based on the sequential
processing of queries. Experimental results demonstrate that
ECHO delivers up to 2.1× generation throughput improve-
ment over the state-of-the-art LLM serving system SGLang
on DeepSeek-V3.2 under long-context workloads, breaking
the GPU memory capacity bottleneck.
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A Artifact Appendix

Abstract
This artifact provides the source code, pre-built environment,
scripts, and datasets to reproduce the main results of ECHO,
a KV cache offloading system with lossless prefetching for
serving native sparse attention LLMs, implemented on top of
SGLang. It supports running ECHO and the SGLang baseline
on DeepSeek-V3.2 and reproducing the end-to-end through-
put, end-to-end latency, fused prefetch kernel, and top-k anal-
ysis results reported in the paper.

Scope
The artifact validates the central claims of the paper, namely
that ECHO improves generation throughput over the SGLang
baseline under long-context workloads, both when all GPU
HBM is allocated to the KV cache and under constrained GPU
pool sizes, while preserving competitive latency. Specifically,
it reproduces: end-to-end generation throughput (Figures 12–
13), per-task throughput on InfiniteBench (Figure 14), end-to-
end latency on ShareGPT (Figure 15), the fused intra-/inter-
query prefetch kernel microbenchmarks (Figures 18–19), and
the top-k analysis (Figures 7–9).

Contents
The artifact is distributed in two complementary forms:

• echo-v0.tar.zst — a pre-built Docker image with
all dependencies (including compiled sglang and
DeepGEMM) and the InfiniteBench test dataset, recom-
mended for reproducing the end-to-end experiments.

• ECHO.tar.gz — a lightweight source-only package
(sglang and DeepGEMM not pre-compiled) convenient
for browsing the code.

Both forms include the end-to-end experiment scripts, the
fused-kernel microbenchmark, and the top-k analysis pipeline
(detailed in the experiment workflow below). Two configu-
rations are compared throughout: no-offload (the SGLang
baseline) and offload (ECHO).

Hosting
The artifact is hosted as a Zenodo record at https://zeno
do.org/records/20376436, which contains both packages
above, this guide, and the integrity checksum for the Docker
image.

Requirements
A single server with 8 NVIDIA H20 GPUs (96 GB HBM
each), 1.5 TB CPU memory, and GPUs connected to the host

via PCIe Gen5. The software environment requires docker
with GPU support and zstd; all dependencies are otherwise
bundled in the Docker image. A large local disk (≥400 GB) is
needed to store the downloaded DeepSeek-V3.2 (W4 AWQ)
model.

Experiment Workflow
The full procedure is summarized below; all commands ex-
cept setup are run inside the container. Each end-to-end script
runs the SGLang baseline (no-offload) followed by ECHO
(offload) on the same deployment, sweeping request rates
and writing one log per rate to its output directory. By default
the scripts sweep ten request rates (0.1–0.9 and inf); passing
--request-rates 0.8,0.9,inf yields a faster run.

1. Set up the environment. Load and launch the Docker
image, then download the W4 AWQ DeepSeek-V3.2
weights and activate the prepared environment (all later
commands run inside the container):

zstd -dc echo-v0.tar.zst | docker load
docker run --privileged --gpus=all -it \

-v /a_large_disk:/data1 --network host \
--shm-size=128g --name echo-container echo:v0

modelscope download --local_dir \
/data1/dsv32awq QuantTrio/DeepSeek-V3.2-AWQ

source /workspace/ECHO/.venv/bin/activate

2. End-to-end throughput and latency (Figures 12–15).
From /workspace/ECHO/sglang, run the four sweeps
below: full-HBM throughput (Figure 12), constrained-
pool throughput (Figure 13), per-task throughput (Fig-
ure 14), and ShareGPT latency (Figure 15). Results
are written under infini-318/, infini-task/, and
sharegpt-100/, each split into no-offload-<MMDD>/
and offload-<MMDD>/:

cd /workspace/ECHO/sglang
bash e2e_test_pd_infini.sh
bash e2e_test_pd_infini.sh \

--no-offload-max-total-tokens 200_000 \
--offload-nsa-dev-cache-size 200_000

bash e2e_test_pd_infini_task.sh
bash e2e_test_mix_sharegpt.sh

3. Fused prefetch kernels (Figures 18–19). From
/workspace/ECHO/DeepGEMM, run the kernel mi-
crobenchmarks for intra- and inter-query prefetch:

cd /workspace/ECHO/DeepGEMM
python test_fuse.py decode_prefetch
python test_fuse.py prefill_prefetch

4. Top-k analysis (Figures 7–9). Regenerate the analysis
figures from the bundled logits tensors; final PDFs ap-
pear under echo/pdfs/:

cd /workspace/ECHO/top-k-figures
pip install -r requirements.txt
./run_pipeline.sh

If a server fails to start, inspect the per-phase logs (e.g.,
decode.log, router.log) in the working directory, and
run scripts/killall_sglang.sh to clear any leftover pro-
cesses between runs.
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