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Abstract
Prefix caching has become a key technique for LLM serving, and
nowadays the reusable KVCache contents are often hosted on dis-
tributed servers. For long-context LLM inferences with high cache
hit ratio, cross-server KVCache transmission has become an emerg-
ing performance bottleneck; such network-intensive LLM inferences
are increasingly prevalent in the coming era of agentic AI. However,
existing LLM inference engines are essentially compute-centric; we
find that they are highly inefficient when serving such workloads
due to compute-stage service blocking and ignorance of KVCache-
transfer cost.

To efficiently serve network-intensive LLM inferences, in this pa-
per, we design Sanic, an optimized LLM engine that treats KVCache
transmission as a first-class citizen. Viewing KVCache loading and
computation as equally-significant stages, Sanic decouples their
service control and allows each stage to progress autonomously in
an asynchronous manner, thereby improving the overall resource
utilization. Moreover, when scheduling competing LLM inferences,
Sanic treats the KVCache loading delay as an independent factor
in service cost modeling, which is more accurate and can yield
better scheduling decisions. Our testbed experiments with diverse
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benchmarks show that, Sanic can substantially enhance the ser-
vice efficiency of network-intensive LLM inferences, improving the
SLO-attainment by up to 61.67%.

CCS Concepts
• General and reference → Design; • Networks → Cloud com-
puting; Network performance analysis; • Computing method-
ologies→ Artificial intelligence.
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1 Introduction
Large language models (LLMs) have demonstrated versatile capabil-
ities on various real-world tasks like chatbot conversation and code
generation [9, 25, 27]. Given the surging user demands, LLM service
providers need to efficiently serve the incoming inference requests,
for which Time-to-First-Token (TTFT) is a key efficiency metric. In
particular, confronting the trend of increasing input context length
(e.g., for document QA and project-level code completion), prefix
caching [22] is prevalently adopted to optimize TTFT, which, by
reusing previously-generated KVCache upon prefix match, lever-
ages storage resources for less computation.
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Figure 1: Workflow in a typical LLM inference engine (e.g.,
vLLM) when integrated with a distributed KVCache pooling
framework (e.g., LMCache).

To host large-volume KVCache in production platforms, dis-
tributed caching is often adopted with the LLM inference engine,
rendering it a common demand to conduct inter-node KVCache
reuse. As reported by existing works [22], a single node often fails to
provide sufficient memory capacity to attain high cache hit ratio. To
enlarge the available caching space, KVCache storage frameworks
such as Mooncake [22] and LMCache [19] combine the DRAM
spaces on distributed servers into a shared caching pool. As shown
in Fig. 1, before the GPU computation of each inference starts, the
LLM engine needs to load the reusable prefix cache from remote
memory (L3)—first to its local CPU memory (L2) and then to its
GPU HBM (L1).

While inter-node KVCache reuse can improve the cache hit ratio
and reduce redundant computation [22], it also introduces non-
negligible communication overhead. Our empirical measurements
show that, when serving a long-context LooGLE dataset [13] with
a distributed KVCache pool (with 400 Gbps links), the KVCache
loading time may account for over 90% of the TTFT time. We call
such inference workloads—which rely heavily on prefix caching and
have a communication time comparable to computation—as network-
intensive LLM inferences. With the wide adoption of KVCache pool
and the high prompt similarity in popular LLM applications [15],
network-intensive LLM inferences would be increasingly prevalent
in production clusters.

However, when serving network-intensive LLM inferences, ex-
isting LLM service engines [12, 28]—designed for conventional
computation-intensive inference workloads—often fail to attain high
efficiency. Those frameworks are designed to be compute-centric,
treating cross-node KVCache loading as a subordinate step con-
trolled by the LLM compute scheduler. This design choice leads
to two problems. First, the centralized, compute-centric serving
control incurs low utilization of both compute and network re-
sources. Before an inference completes all its stages (i.e., L3-to-L2
loading, L2-to-L1 loading, and GPU computing), no other inferences
can simultaneously utilize the temporarily idle resources in any
stage, causing substantial resource idling. Second, compute-centric
scheduling control often leads to suboptimal service order. When
determining the inference service order under contention, existing
frameworks rely on simple heuristics like FIFO [12] or only consider

the computation amount [6], totally ignoring the KVCache loading
delay which is actually a significant part of the overall service cost,
and this would compromise the overall TTFT performance.

In this paper, we design Sanic, an optimized LLM engine for
efficient serving of network-intensive LLM inferences, guided by
the design philosophy to treat cross-node KVCache loading as a first-
class citizen alongside computation. To be concrete, there are two
key techniques in Sanic.

First, regarding cross-stage service coordination, Sanic decouples
control across KVCache loading and computation, so as to fully
pipeline the inference serving path. A key challenge is that loading
can proceed only after the destination space at the higher stor-
age level has been allocated. To address this challenge, Sanic man-
ages each KVCache loading stage with an independent dispatcher-
executor pair, and lets lower-level dispatchers proactively trigger
space allocation at higher levels, so that loading at different stages
can overlap as soon as data dependencies are satisfied.

Second, regarding inter-inference scheduling order, Sanic incor-
porates the KVCache loading delay of an inference as part of its
overall service cost, which is more accurate and can help to opti-
mize the scheduling performance. With system profiling, we depict
the service cost as a binary linear function which joins the factors
of KVCache loading and computation. That cost is then used for
working out the best scheduling order—respectively for minimizing
the average TTFT and for maximizing SLO attainment.

Sanic is implemented atop vLLM [12], a mainstream LLM serving
engine (together with LMCache [19], a popular KVCache access in-
terlayer). We further verify the effectiveness of Sanic by conducting
a comprehensive evaluation with diverse benchmarks. The results
show that, when serving network-intensive LLM inferences, Sanic
attains significantly higher efficiency than the status-quo practice,
with an improvement of up to 61.67% in SLO attainment of TTFT.

2 Background and Motivation
2.1 LLM Inference: The Basics

LLM inference: execution procedures and service objectives.
Large languagemodels (LLMs) [4, 7, 26] have nowadays beenwidely
adopted in various fields like finance [14], arts [20] and science [23].
Applying LLM techniques requires LLM inference, which contains
two phases: prefill and decode [30]. The prefill phase processes the
entire input prompt and constructs the intermediate attention keys
and values (known as the KVCache), which is commonly deemed
computation-intensive.

For LLM service providers, efficiently serving competing infer-
ence requests from diverse users is crucial. Specifically, a key service
quality metric is the time gap between the request arrival and the
generation of the first token, namely Time-To-First-Token (TTFT),
which critically affects user experience. In this paper, we primarily
consider accelerating the prefill phase1, and focus on optimizing
the TTFT performance.

1With the wide adoption of PD disaggregation [30] as well as the emergence of prefill-
only workloads [6], it is increasingly common to independently optimize the TTFT
performance for the prefill phase.
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Table 1: Statistics of representative long-context datasets.
“Avg. Context” denotes the average number of tokens in the
provided context, and “Avg. Query” denotes the average to-
ken length of the user query.

Num. Reqs Avg. Context Avg. Query
LooGLE 120 28.1𝐾 28
ICL 120 28.3𝐾 61
Code 100 38.3𝐾 209

Prefix caching: a common technique to save computation
cost. Mainstream LLMs today support context windows of 128K–
2M tokens, enabling more long-context tasks like long-document
QA [13]. However, increased context size also introduces substantial
computation demands, yielding a quadratic complexity in prefilling
computation [11]. To mitigate this, production-grade LLM systems
widely adopt prefix caching, which stores the KVCache for previ-
ously processed text prefixes [1, 18]. By reusing KVCache across
requests sharing the same prefix, the LLM service system can avoid
expensive re-computation during the prefill phase, yielding a much
better TTFT performance. For example, as illustrated later in Fig. 2,
compared with performing pure computation using vLLM, remotely
loading the KVCache by vLLM-LMCache can reduce the TTFT by
over 88%.

2.2 Network-Intensive LLM Inference

Prevalence of distributed KVCache storage. With the ever-
expanding long-context processing demands, the KVCache storage
consumption keeps booming at a high rate, rendering the KVCache
storage space on a single node easily used up. For instance, when
serving inference with the Llama-3.1-8B model, the KVCache for
merely 10M tokens would consume a storage space of over 1TB. To
accommodate the large-volume KVCache content with relatively
high speed (SSD, HDD or cloud storage platforms like S3 are often
too slow), modern LLM service providers [22] often join the idle
memory on different servers into a distributed KVCache pool [19, 22,
29], which is then plugged into the LLM inference engine [12, 28].

As previously shown in Fig. 1, there are three storage layers
for the KVCache content: L1—the GPU VRAM (HBM), L2—the lo-
cal CPU DRAM, and L3—the remote CPU DRAM. When an LLM
request arrives, it waits to be scheduled in a FIFO queue. Once a
request is scheduled into a computation iteration, before the com-
putation starts, the LLM engine needs to load the reusable KVCache
content to GPU VRAM. Specifically, the engine first searches for the
longest reusable prefix in the KVCache pool; the spotted KVCache
prefix (usually on a remote host) would be loaded first from L3 to L2
and then from L2 to L1. The inference computation is triggered once
all the KVCache needed by the current execution batch has been
loaded. After computation, the main control thread will go back to
fetch a set of waiting requests to execute in the next iteration.
KVCache loading: an emerging bottleneck for LLM inference.
In typical LLM applications, an LLM inference input is composed
of two parts: a static application-context and a dynamic user-query.
The KVCache content of the shared context is usually reusable
across different requests, with runtime computation only needed

Figure 2: Breakdown of TTFT when a Llama-3.1-8B model
serves requests with varying context-token lengths (to load
from a remote server) yet fixed query-token length. From the
figure we learn that KVCache reusing can effectively reduce
TTFT, yet KVCache loading now becomes amajor bottleneck.

for processing the user query. In particular, with the in-depth adop-
tion of LLM techniques, the static contexts in many applications
are increasingly complex and lengthy. As shown later in Tab. 1,
scenarios such as long document QA and project-level code comple-
tion task involve extremely long contexts (e.g., an average of 28.1K
tokens in LooGLE [13]), whereas the corresponding user queries
are relatively short (e.g., only 28 tokens on average). This highlights
an increasingly common pattern in the era of agentic AI era [15, 23]:
long context, short query.

Since KVCache reusing essentially trades storage for computa-
tion efficiency, a larger context-to-query ratio (i.e., a higher cache hit
ratio) would shift the bottleneck from KVCache processing (compu-
tation) to KVCache loading (communication). Fig. 2 shows the TTFT
breakdown when serving a single request with varying context
lengths yet a fixed query length (1000); the KVCache is loaded from
a remote server following the setup in §4.1. It clearly demonstrates
that, while KVCache reusing can help to reduce the overall TTFT,
the ratio of KVCache loading in TTFT keeps increasing, becoming
a remarkable performance bottleneck.

For such LLM workloads with a high cache reuse ratio, since
network transmission time is a key building block of their KVCache
loading delay, we call them network-intensive LLM inference. As LLM
applications becomemore complex, it can be expected that network-
intensive LLM inference would be a mainstream LLM workload
type in the future. Therefore, in this paper we focus on efficiency
(TTFT) optimizations of network-intensive LLM inferences.

2.3 Inefficiencies of Existing Practices
While network-intensive LLM inference is increasingly popular,
existing LLM serving engines [12, 28] still follow the legacy de-
sign for conventional computation-dominated LLM workloads. Our
study shows that their compute-centric design renders them highly
inefficient for network-intensive inferences, for two reasons.

2.3.1 Low resource utilization due to centralized, compute-centric
control of the entire serving workflow. Different KVCache processing
stages in Fig. 1 require different resource types: network bandwidth
for L3→L2, PCIe bandwidth for L2→L1, and GPU processors for
computation. However, the current LLM engines exemplified by
vLLM adopts a centralized (single-threaded) control over the entire
workflow: each stage (including the computation stage) is triggered
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Figure 3: Per-stage processing
throughput in vLLM-LMCache is
suboptimal (the throughput of
our later proposed Sanic system
is shown for comparison).

Figure 4: Given two
network-intensive
requests, FIFO or
compute-based SJF may
prolong the average
TTFT.

passively as instructed by the main thread. Such a centralized con-
trol is reasonable for conventional LLM workloads where there is
no runtime KVCache loading, but no longer so for the emerging
network-intensive LLM inferences: for which a centralized control
is straightforward. When the KVCache blocks of one inference
request step to the next stage, the idled resources cannot be im-
mediately used to serve other pending requests, leading to poor
resource utilization.

Our measurements confirm this inefficiency. Specifically, we
serve the LooGLE dataset [13] over the Llama-3.1-8B model, with a
workload intensity of 1.2 queries per second. We measure per-stage
processing throughput as the peak average throughput within any
20-second interval. In Fig. 3 we compare such per-stage processing
throughput under vLLM-LMCache with that under our optimized
Sanic engine (elaborated later in §3.1). The comparison results
clearly demonstrate that the resource utilization of current LLM
serving frameworks is far from optimal.

2.3.2 Low scheduling quality due to blindness to KVCache loading
costs. On production LLM service backends, a massive number of
LLM inference requests submitted from different users may com-
pete for the limited resources; under such resource contention,
the scheduling order critically affects the overall performance—in
terms of the average TTFT value or the overall SLO attainment
(in cases where a maximum allowable TTFT is associated for each
request [17]). While KVCache loading has become a main perfor-
mance bottleneck for network-intensive LLM inference, existing
LLM engines are blind to such costs in scheduling. Such blindness
compromises the LLM scheduling quality.

To illustrate the impact, we profile the loading and computation
time of requests from the LooGLE dataset [31] with vLLM-LMCache.
Consider two sampled requests: R1 (arriving earlier)—requiring
0.361 s to load and 0.019 s to compute, and R2—requiring 0.199 s
to load and 0.025 s to compute. A scheduler that enforces naive
FIFO or enforces SJF based on only the computation time [6] would
prioritize R1, resulting in an average TTFT of 0.49 s. In contrast,
another scheduler applying SJF with awareness to the KVCache
loading time (prioritizing R2) can reduce the average TTFT to 0.41
s.
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Query API
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Figure 5: Workflow of Sanic.

Summary. In summary, the compute-centric nature of existing
LLM engines hurts the serving efficiency of network-intensive LLM
inferences; to improve, we need to optimize existing LLM service
engines in both inter-stage service coordination and inter-request
queue management.

3 Solution
In this section, we present Sanic, an optimized LLM engine that—
by treating cross-network KVCache loading as a first-class citizen
(stage) equally important to prefill-computation—can efficiently serve
network-intensive LLM inferences. As shown in Fig. 5, Sanic is
built atop vLLM; its workflow is driven by a priority estimator and
multiple loading dispatcher/executors. By adding the autonomous
dispatchers/executors, Sanic enhances the resource utilization in
each stage; meanwhile, under the new priority estimator, Sanic
improves the overall scheduling performance with awareness to
the KVCache loading costs. Next we elaborate the optimizations
respectively on the two aspects.

3.1 Inter-stage Workflow Optimization
Recall that our previous study shows that, in existing LLM engines,
the centralized control of the KVCache processing workflow (across
all the stages of L3 → L2 loading, L2 → L1 loading, and GPU
computation) compromises the overall resource utilization.

To maximize the resource utilization on each stage under the
dataflow dependency, our insight is to equally grant each stage with
the autonomy to act independently—similar to the classical dynamic
scheduling mechanism in computer architecture design [24].

To that end, in Sanic we let each KVCache loading stage managed
by an independent dispatcher-executor pair. As depicted in Fig. 5,
for each loading stage, each dispatcher keeps driving its executor to
conduct KVCache loading as long as (1) some lower-level KVCache
blocks of the highest-priority request are ready to be picked up, and (2)
the destination storage spaces of those KVCache blocks are allocated.
For the compute stage, when all KVCache blocks required by a
request finally become resident in L1 space, it immediately launches
the prefilling process, avoiding the compute wastage caused by
waiting for loading completion in the critical path.

Meanwhile, for smooth cross-stage negotiation, each time a stage
completes loading a KVCache block, it would issue a signal to the
upper-level stage executor, so as to enable fine-grained loading
overlapping. In particular, to let KVCache loading be conducted
autonomously, L1 space allocation should not be triggered by the
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Figure 6: Relationship between loading latency and the num-
ber of context tokens to load, when serving Llama-3.1-8B
model, following the setup in §4.1.

compute stage in a reactive manner, which would block KVCache
preloading; instead, in Sanic we let the lower-level stage dispatcher
proactively2 trigger space allocation at the higher storage level.
Similarly, when the L3→L2 dispatcher issues a data transfer task
to its executor, it will at the same time submit a GPU memory
allocation request to the L2→L1 dispatcher, so as to proactively
reserve GPU space for pipelined L2→L1 loading.

3.2 Inter-request Scheduling Optimization
To optimize the overall scheduling performance, a prerequisite is
to precisely predict the service cost of each LLM inference request;
based on the discussion in §2.3.2, in Sanic we incorporate the KV-
Cache loading delay as an independent component of the overall
cost when serving a network-intensive LLM inference. Specifically,
with offline system profiling, we fit a binary linear function as the
performance model, which respectively captures (1) 𝑇load—loading
latency as a function of the number of context tokens (which is
linear as measured by Fig. 6), and (2) 𝑇comp—computation latency
as a function of the number of query tokens.

We then leverage the modeled prefill cost to optimize the sched-
uling policy. For different efficiency objective forms, this translates
to different scheduling algorithms.

(1) To optimize the average TTFT of competing inference re-
quests, we apply the Shortest-Job-First (SJF) principle with the
estimated prefill cost, which is known to be optimal [5].

(2) To optimize the overall SLO attainment (in cases where each
request is associated as a TTFT deadline at submission time), we
apply the Least-Slack-Time-First (LSTF) principle, which is optimal
for SLO attainment ratio [16]. For each incoming request, LSTF
computes its slack time by LST = DDL−𝑇load−𝑇comp. The computed
per-request LST serves as the priority of the corresponding request—
with a smaller LST value indicating a higher urgency.

4 Evaluation
4.1 Experimental Setup

Implementation. We implement3 Sanic on top of vLLM (v0.9.1) [12]
and LMCache (v0.3.1) [19] with 3.3K lines of code, and we use
2While such proactive space allocation may take additional GPU memory space, since
the prefill phase is computation-bound, trading additional memory consumption for
faster execution is usually acceptable. In the extreme case where the available space in
GPU memory is not enough, this method simply degrades to the reactive allocation
method.
3For fair comparison, we identified and optimized two performance issues in vLLM-
LMCache, which are orthogonal to our contributions. First, to ensure LMCache fully
utilize loading bandwidth, we use Mooncake’s batch_get_into interface for L3→L2
transfers, and we issue multiple L2→L1 load kernels on different CUDA streams to

Figure 7: Performance on Average TTFT Latency.

Figure 8: Performance on TTFT SLO Attainment.

Mooncake Store [22] as the L3 KVCache storage backend; all those
frameworks are representative in production environments. To en-
able direct communication between loading dispatchers and loading
executors without interrupting the main computation loop of vLLM,
we use the ZeroMQ library [10] to implement inter-process com-
munication between the worker process and scheduler process.
To make the vLLM scheduler agnostic to KVCache loading, we
override the add_request() function of the vLLM scheduler to
intercept inference requests, preventing them from being enqueued
in vLLM’s FIFO computation scheduler queue.
Hardware platform. The evaluation is conducted on one GPU
node equipped with an 80 GB GPU and 128 GB CPU DRAM. The

better utilize PCIe bandwidth. Second, we restrict vLLM-LMCache to prefill only one
request at a time, preventing incorrect batching decisions by vLLM default scheduler.
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Figure 9: Comparison of dif-
ferent scheduling policies in
Average TTFT.

Figure 10: Comparison of dif-
ferent scheduling policies in
SLO Attainment.

remote CPU DRAM pool consists of a CPU node with 512 GB
DRAM; the two nodes are interconnected via RDMA with a 400
Gbps bandwidth link, all representative in modern GPU clusters.
Workloads. We utilize two popular open-source LLMs with long
context capabilities: Llama-3.1-8B-Instruct [2] and Qwen2.5-14B-
Instruct-1M [25]. Meanwhile, we construct the test suite by sam-
pling contexts and corresponding queries from the three long con-
text datasets: LooGLE [13] includes long documents from diverse
sources such as arXiv, Wikipedia; ICL [31] features many-shot In-
Context Learning tasks from diverse domains such as classification,
summarization, reasoning, and translation; Code [3] covers varying
coding tasks for LLM, and we use its project level code comple-
tion tasks for our evaluation. The statistics of these datasets are
described in Tab. 1. Besides, since request arrival intervals are not
available in these datasets, we simulate them following the Poisson
distribution with different query intensities.

4.2 End-to-end Performance

Average TTFT. We first evaluate the end-to-end performance of
Sanic under diverse QPS rates. As shown in Fig. 7, regarding the
average TTFT performance, Sanic substantially outperforms the
default baseline (vLLM-LMCache) as well as its variant without
scheduling optimization (Use FIFO scheduling policy). For example,
for the ICL dataset, when QPS is 1.2, Sanic can reduce the average
TTFT by over 81.3%. Moreover, by comparing Sanic with its FIFO
variant, we learn that scheduling optimization in Sanic is indeed
indispensable for optimizing the overall performance efficiency.
SLO Attainment. To check SLO attainment performance, we fur-
ther assign each request with a TTFT SLO, by scaling its TTFT mea-
sured under interference-free conditions with a factor uniformly
sampled from {2×, 4×, 8×}, which is similar to prior works [8, 21].
The results in Fig. 8 confirm the performance superiority of Sanic:
in each case, the SLO attainment under Sanic is consistently better
than the baselines. Specifically, when the QPS is 1.2, the SLO attain-
ment of Sanic is 61.67% higher than the vLLM-LMCache baseline.

4.3 Micro-benchmark Analysis

Superiority of binary cost modeling. In inference scheduling,
another choice of cost modeling is to simply use the prefill token
number (we call the resultant scheduling method as SJF-PT ). We
thus compare Sanic (with the SJF policy integrated) against SJF-PT
in Fig. 9, where each inference request is assigned a cache hit ratio

Figure 11: Average TTFT under diverse cache hit rates.

randomly sampled from 25%, 50%, 75% and 100%. Fig. 9 suggests that,
when not using the binary linear function for cost modeling, the
estimated scheduling priority would be highly inaccurate, rendering
the TTFT even worse than FIFO.
Superiority of LSTF. We also compare Sanic (with the LSTF
policy integrated) with the Earliest Deadline First (EDF) policy,
the latter not relying on the request service cost. As shown in
Fig. 10, with the concrete knowledge of inference service cost, LSTF
can make higher-quality scheduling decisions than the static EDF
policy (73% versus 58%). This confirms the need to leverage the
information of KVCache loading cost in scheduling.
Sensitivity study on cache hit ratio. We manually set the cache
hit ratio respectively to 25%, 50%, 75% and 100%, and Fig. 11 shows
the resultant Sanic performance. According to Fig. 11, the average
TTFT performance is monotonically improving under Sanic as the
cache hit ratio increases, suggesting that it is highly desirable to
apply Sanic in the coming agentic AI era with high KVCache reusing
ratio [22].

5 Conclusion and Future Work
In this paper, we design Sanic, an optimized LLM engine for ef-
ficient serving of network-intensive LLM inference. Sanic treats
cross-server KVCache loading as a first-class stage to serve, grant-
ing autonomy to each stage for higher resource utilization, and
also incorporating KVCache loading delay as an independent cost
factor for better scheduling decisions. Evaluations on long-context
datasets show that Sanic can effectively enhance the serving effi-
ciency of network-intensive LLM inferences in average TTFT and
SLO attainment.

In the future, we plan to extend Sanic to accelerate agentic AI
workflows, which requires the correlated KVCache loading tasks
be scheduled in a coordinated manner. Meanwhile, we also plan to
apply the network-as-a-first-class-citizen philosophy into produc-
tion inference system like Mooncake, so as to enhance the request
routing performance as well as to mitigate the network collisions.
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