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Abstract
Large language models (LLMs) power a new generation of
interactive AI applications exemplified by ChatGPT. The in-
teractive nature of these applications demands low latency for
LLM inference. Existing LLM serving systems use run-to-
completion processing for inference jobs, which suffers from
head-of-line blocking and long latency.

We present FastServe, a distributed LLM serving system
which exploits the autoregressive pattern of LLM inference
to enable preemption at the granularity of each output token.
FastServe uses preemptive scheduling to minimize latency
with a novel skip-join Multi-Level Feedback Queue scheduler.
Based on the new semi information-agnostic setting of LLM
inference, the scheduler leverages the input length informa-
tion to assign an appropriate initial queue for each arrival
job to join. Queues with higher priority than the one the job
joins are skipped to reduce demotions. We design an efficient
GPU memory management mechanism that proactively of-
floads and uploads intermediate state between GPU memory
and host memory for LLM inference. Evaluation shows that
compared to the state-of-the-art solution vLLM, FastServe
improves the throughput by up to 6.1×.

1 Introduction
Advancements in large language models (LLMs) open new
possibilities in a wide variety of areas. For example, Chat-
GPT [1] enables users to interact with an AI agent in a conver-
sational way to solve tasks in different topics. Many organiza-
tions follow the trend to release interactive LLM applications,
such as the Microsoft Copilot [3], Google Gemini [21], An-
thropic Claude [8], Alibaba Qwen [2], etc.

Inference serving is critical to interactive LLM applications.
In order to provide engaging user experience, the interactive
nature of these applications demands low latency for LLM in-
ference. Users expect their inputs can be responded instantly.
To fulfill the stringent requirement, enterprises provision ex-
pensive clusters with accelerators like GPUs.

Different from other deep neural network (DNN) model
inference like ResNet [26], LLM inference has its own unique
characteristics (§2). Given the model and hardware, traditional
DNN inference jobs are typically deterministic and highly-
predictable [24]. In contrast, due to the special autoregressive
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Figure 1: Head-of-line blocking in LLM inference.

pattern, LLM inference jobs are highly variable. An LLM
inference job generates output tokens iteratively based on
input tokens and previous output tokens until a special <EOS>
token is generated. As a result, the execution time depends
on both the input length and the output length, the latter of
which is not known a priori.

To accommodate the unique characteristics of LLM in-
ference, Orca [59] introduces iteration-level scheduling that
dynamically adds new jobs or removes completed ones at the
end of each iteration. vLLM [31] further introduces Paged-
Attention to reduce the memory fragmentation of LLM in-
ference jobs. However, they both use first-come-first-served
(FCFS) to process inference jobs. Once a job is scheduled,
it runs until it finishes. Due to the limited GPU memory and
the strict latency requirement, the current processing batch
cannot be expanded with an arbitrary number of incoming
jobs, thus a long job may block the incoming ones, known as
head-of-line blocking [29]. The problem is particularly acute
for LLM inference jobs. A large LLM inference job, i.e., with
long input and output length, would run for a long time to
block incoming short jobs.

Figure 1 demonstrates how workload characteristics criti-
cally impact LLM serving performance. The detailed setup is
in §6. For an idealized workload with uniform request lengths,
queuing delay is negligible even at high system loads. How-
ever, real-world LLM workloads (e.g., ShareGPT, Alpaca)
are highly skewed. The long-tail distribution of their output
lengths, in particular, creates severe head-of-line blocking.
As the figure shows, this causes queuing delay to dominate,
accounting for up to 90% of the total end-to-end latency. Con-
sequently, optimizations targeting execution time alone are
insufficient. The primary bottleneck that must be addressed
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is the queuing delay. While prior work like chunked prefill
attempts to mitigate this, it misidentifies the core problem
by splitting long inputs rather than addressing the more fre-
quent bottleneck of long outputs. Furthermore, by breaking a
single forward pass into multiple steps, this approach inher-
ently degrades time-to-first-token (TTFT) performance due
to additional memory access [57, 63].

We present FastServe, a distributed LLM serving system
which exploits the autoregressive pattern and iteration-level
scheduling to enable preemption at the granularity of each
output token. Specifically, when one scheduled job finishes
generating an output token, FastServe can decide whether
to continue this job or preempt it with another job in the
queue. This allows FastServe to use preemptive scheduling
to eliminate head-of-line blocking problem and minimize
latency.

The core of FastServe is a novel skip-join Multi-Level Feed-
back Queue (MLFQ) scheduler. MLFQ is a classic approach
to minimize latency in information-agnostic settings [9]. Each
job first enters the highest priority queue, and is demoted to
the next priority queue if it does not finish after a threshold.
The key difference between LLM inference and the classic
setting is that LLM inference is semi information-agnostic,
i.e., while the output length is not known a priori, the input
length is known. Because of the autoregressive pattern of
LLM inference, the input length decides the execution time
to generate the first output token, which can be significantly
larger than those of the later tokens (§4.1). For a long input
and a short output, the execution time of the first output token
dominates the entire job. We leverage this characteristic to
extend the classic MLFQ with skip-join. Instead of always
entering the highest priority queue, each arrival job joins an
appropriate queue by comparing its execution time of the
first output token with the quantum of the queues. The higher
priority queues are skipped to reduce demotions.

Preemptive scheduling introduces a significant memory
management challenge. To avoid redundant computation,
LLMs maintain an intermediate state, the key-value (KV)
cache (§2.2). While a non-preemptive scheduler’s (e.g., FCFS)
memory footprint is bounded by running jobs, a preemptive
scheduler must preserve the KV caches for numerous pre-
empted jobs. This additional overhead can exhaust the limited
GPU memory. A naive solution, i.e., blocking new jobs when
memory is full, is untenable as it reintroduces the head-of-line
blocking. We therefore designed a proactive memory man-
agement mechanism. When GPU memory pressure becomes
high, it offloads the KV caches of low-priority jobs to host
memory. It then reloads these caches to the GPU immediately
before the corresponding jobs are scheduled to resume. To
hide the latency of these transfers, we employ pipelining and
asynchronous memory operations, effectively overlapping
communication with computation.

We implement a system prototype of FastServe and evalu-
ate FastServe on different LLMs with real-world workloads.
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Figure 2: GPT-like model architecture.

The experiments show that compared to the state-of-the-art
solution vLLM [31], FastServe improves the throughput by
up to 6.1× under the same latency requirements.

2 Background and Motivation
2.1 LLM Inference and Applications

LLM inference. Current mainstream LLMs [12, 53, 61] are
all based on the Transformer [54] architecture. As shown in
Figure 2, the backbone of LLMs is a stack of Transformer
layers where the attention module is the core component.

LLM inference proceeds iteratively, generating a single out-
put token at each iteration. This autoregressive process relies
on an attention mechanism that, in every iteration, requires
the keys and values of all preceding tokens (i.e., both the
original input and the generated output) to compute the sub-
sequent token. This process continues until a unique <EOS>
token, symbolizing the end of sequence, is generated, or a
predetermined maximum output length is reached. This infer-
ence process markedly differs from traditional models like
ResNet, where execution time is usually deterministic and pre-
dictable [24]. While each iteration’s execution maintains these
characteristics, the number of iterations (i.e., output length)
is variable, resulting in an unpredictable total inference job
execution time.

LLM applications. LLMs, renowned for their in-context
and few-shot learning capabilities, are often transformed into
powerful interactive agents through supervised fine-tuning
and reinforcement learning techniques (e.g., PPO [46] and
GRPO [47]). This transformation enables them to handle di-
verse tasks ranging from simple question-answering and sum-
marization to complex, creative, and domain-specific problem-
solving. However, the conversational paradigm of these ap-
plications introduces a critical challenge for the underlying
serving infrastructure: the necessity of low-latency inference.

2.2 LLM Serving Systems

As the popularity of LLMs rapidly increases, inference serv-
ing systems have evolved to include optimizations specific
to the unique architecture and iterative generation pattern of
LLMs. Fairseq [41] suggests saving the keys and values in
a key-value cache across iterations to avoid recomputation.
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This optimization divides the inference procedure into two
distinct phases: the prefill phase and the decoding phase. Fig-
ure 3 demonstrates the key-value cache usage in both phases.
During the prefill phase, the LLM generates the key-value
cache for the input prompt. In the decoding phase, the LLM
only needs to compute for the newly generated token without
re-computing previous key-value cache to reduce redundant
computation.

As for scheduling optimization, Orca [59] proposes
iteration-level scheduling where the serving engine schedules
at the end of each iteration. After each iteration, completed
jobs leave the batch, and newly arrived jobs can join in. Never-
theless, the GPU memory capacity limits the maximum batch
size, and the strict service-level-objects (SLOs) of interactive
applications also play a role in determining the appropriate
batch size. vLLM [31] further improves the efficiency of LLM
inference by introducing PagedAttention, which allocates the
key-value cache gradually in block-grained during inference
instead of allocating for the maximum output length at the be-
ginning. To reduce interference between two phases, chunked
prefill [5] further splits the prefill phase into multiple chunks,
but it introduces extra memory access to LLM parameters and
key-value cache [57, 63].

2.3 Opportunities and Challenges

Opportunity: preemptive scheduling. The major limita-
tion of existing inference serving systems for LLMs [14, 59]
is their reliance on simple FCFS (First-Come-First-Serve)
scheduling and run-to-completion execution. As shown in
Figure 1, this approach leads to severe head-of-line blocking.
Queuing delay contributes up to 90% of the total latency in
real workload, which significantly impacts the performance
of LLM inference. The key opportunity to resolve this is
to employ preemptive scheduling. Since inference is an au-
toregressive process that generates one token per iteration,
preemption can occur at the fine granularity of one single
token. Enabling a job to be paused after any token genera-
tion allows a scheduler to implement advanced policies that
mitigate head-of-line blocking and optimize for metrics such

as average latency. Nevertheless, integrating preemption into
LLM serving systems introduces two significant challenges.

Challenge 1: variable job size. Shortest Remaining Process-
ing Time (SRPT) [45] is a widely-used preemptive schedul-
ing policy to minimize average latency. The effectiveness of
SRPT hinges on knowing the total remaining service time
for each job, a prerequisite that cannot be satisfied in LLM
inference domain. Unlike one-shot prediction tasks like im-
age classification, LLM inference involves multiple iterations.
While the execution time for one iteration (generating one
output token) can be determined based on the model archi-
tecture and hardware, the total number of iterations (i.e., the
output sequence length) remains unknown and is challenging
to predict since it depends on the semantics of the job. Real-
world datasets collected from conversations with LLMs, like
ShareGPT [4] and Alpaca [52], exhibit a long-tailed distribu-
tion of the output length and input length [31]. Consequently,
SRPT cannot be directly employed for LLM inference to
minimize the average latency.

Challenge 2: GPU memory overhead. A significant chal-
lenge of preemptive scheduling in LLM inference is its sub-
stantial GPU memory overhead. Unlike non-preemptive poli-
cies (e.g., FCFS) that only store the key-value (KV) cache for
active jobs, a preemptive scheduler must also retain the KV
caches of all preempted jobs in the pending state. This over-
head is non-trivial. For instance, the KV cache for a single re-
quest to OPT 175B with a 512-token context requires 2.3 GB
of memory for the key-value cache (§4.2). Given the scarcity
of GPU memory, this memory pressure becomes a critical
bottleneck that can undermine the viability of preemption.
While prior works have proposed techniques to reduce KV
cache memory, their solutions are insufficient in this context.
Architectural modifications like Multi-Query [48] and Group-
Query [6] Attention reduce memory by sharing KV tensors
across attention heads, but this can degrade model quality,
and memory consumption still grows linearly with sequence
length. Orthogonally, memory management techniques like
vLLM’s paged attention mitigate memory fragmentation but
do not reduce the intrinsic size of the KV cache itself. As mod-
els are increasingly trained for longer context lengths [33],
the escalating memory footprint of the KV cache presents a
formidable and increasingly urgent problem.

3 FastServe Overview
3.1 Desired Properties

LLMs come with unique characteristics that pose challenges
to distributed computation and GPU memory consumption.
Our goal is to develop an efficient inference serving system
for LLMs that fulfills the following three requirements.
• Low latency and high throughput. For interactive LLM

applications, where low latency is critical, our primary per-
formance objective is to maximize serving throughput while
adhering to a specific latency constraint.
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Figure 4: FastServe architecture.

• Efficient GPU memory management. LLMs pose a sig-
nificant challenge in terms of GPU memory consumption,
which necessitates an effective GPU memory management
approach for both the model and intermediate states.

• Scalable distributed execution. The nature of LLMs de-
mands multiple GPUs to enable distributed inference ef-
fectively, which requires the system to support scalable
distributed execution cross GPU servers.

3.2 Overall Architecture

Figure 4 shows the architecture of FastServe. Jobs are sub-
mitted to the job pool. The scheduler utilizes information
from the job profiler to determine the initial job priority and
then places the job in the skip-join MLFQ (§4.1) to mitigate
head-of-line blocking.

For execution, the scheduler picks the jobs based on their
priority within the skip-join MLFQ to form a pre-defined max-
imum batch size and dispatches the batch to the distributed
execution engine to perform one iteration. The distributed
execution engine collaborates with the distributed key-value
cache to access and update the key-value tensors relevant to
the respective job. To tackle the challenge of limited GPU
memory capacity, the key-value cache manager proactively
swaps key-value tensors between GPU memory and host
memory (§4.2).

To accommodate extreme large models such as OPT-175B,
FastServe employs distributed inference, enabling both tensor
parallelism and pipeline parallelism. FastServe incorporates
extensions into the scheduler and key-value cache to enable
seamless support for distributed execution (§4.3).

4 FastServe Design
In this section, we first introduce the skip-join MLFQ sched-
uler to minimize latency (§4.1). Then, we present a proactive
KV cache management mechanism designed to effectively
ameliorate the GPU memory capacity constraint (§4.2). Fi-
nally, we demonstrate how to apply these techniques to the
distributed settings (§4.3).
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Figure 5: Execution time of the first four iterations.

4.1 Skip-Join MLFQ Scheduler

Strawman: fixed priority scheduling. To support preemp-
tive scheduling, we need a priority-based scheduler to decide
which jobs to preempt and which to execute. One naive solu-
tion is to assign a fixed priority to each job based on its input
length. In this case, when prefill dominates the total latency,
the fixed priority scheduling can approximate the optimal
performance as the SRPT policy does. However, although
this solution leverages the information of prefill, it ignores the
characteristics of the decoding. Many real-world datasets like
ShareGPT and Alpaca show a long tail distribution implying
that jobs with a long output length also exist. When the decod-
ing dominates the total latency, the fixed priority scheduling
may deviate from the optimal performance of SRPT.

Strawman: naive MLFQ. Due to the indeterminate job size
of LLM inference, directly applying SRPT is not feasible. In
information-agnostic settings, Least-Attained Service (LAS)
has been shown to approximate SRPT effectively. Due to
the job switching overhead of LAS, the practical approach
is Multi-Level Feedback Queue (MLFQ) which has gained
popularity in various scheduling systems [7, 9, 13, 23, 27].
MLFQ operates multiple queues, each with a different priority
level. Upon arrival, a job enters the highest priority queue
and gets demoted to the next level queue if its execution
time exceeds a quantum. The value of quantum is a tunable
parameter assigned to each queue, e.g., higher priority queues
typically have shorter quantum values.

Although MLFQ assumes no prior knowledge of the job
size, it is not well suited for LLM serving due to the dis-
tinct two-phase execution pattern of LLM inference. Figure 5
shows the iteration time of OPT 2.7B on an NVIDIA A100,
varying the input sequence length. Notably, the prefill (i.e.,
the first iteration) time exceeds the decoding duration. As the
input sequence length increases, so does the prefill time. This
behavior can be attributed to the key-value cache optimiza-
tion (§2.2). During the first iteration, computations for all
key-value tensors of input tokens are performed and cached.
In subsequent iterations, only one newly generated token’s
key-value tensors are computed, and the rest are retrieved
from the cache.

When employing the original MLFQ, a job is immediately
assigned to the highest priority queue upon arrival. However,
due to its substantial prefill time, the job may deplete its
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Figure 6: Skip-join MLFQ with starvation prevention.

quantum before completing its first iteration. This situation
presents a scheduling dilemma. If the scheduler preempts
the job, intermediate activations are dropped and recomputed
later, resulting in a waste of valuable computing resources
and time. On the other hand, if the scheduler chooses not to
preempt the job, it violates the fundamental design purpose
of MLFQ and potentially suffers from head-of-line blocking
once again.

Our solution: skip-join MLFQ. The key insight of our de-
sign is to leverage the semi information-agnostic setting of
LLM inference to address the aforementioned issues of the
strawman solutions. While the number of iterations (i.e., the
output length) remains unknown beforehand, the execution
time of each iteration is predictable. For each iteration, the
execution is similar to the traditional one-shot DNN infer-
ence, whose execution time is highly predictable [24, 35]. A
lightweight profiling process can collect iteration times under
the given hardware and model specification to construct an
accurate latency model for the prefill and decoding phases.

Based on this insight, we propose a skip-join MLFQ sched-
uler tailored for LLM inference. Our scheduler efficiently
manages the movement of jobs among various priority queues
in a skip-join manner. In the MLFQ, we have n priority
queues, namely Q1,Q2, ...,Qn, each with a distinct quantum
q1 < q2 < ... < qn. The conventional MLFQ scheduler ini-
tially assigns a newly arrived job to the highest priority queue,
i.e., Q1. Once the job exhausts the allocated quantum in Q1,
it is subsequently demoted to Q2. As shown in Figure 6, Fast-
Serve differs from the original MLFQ in that when a job
arrives, FastServe leverages accurate profiling to predict the
prefill time (tinit ) and ❶ skip-joins the job to the highest prior-
ity queue (qi) subject to qi ≥ tinit . When a job consumes its
allotted quantum before completion, the scheduler demotes
❷ the job based on its current priority and next iteration time.

Avoiding perpetual starvation. It is important to note that the
skip-join and demotion operations may result in starvation for
jobs with long input and output. To address this problem, the
scheduler periodically examines the starved jobs and ❸ pro-
motes them to the highest priority queue, i.e., Q1. This allows
FastServe to address head-of-line blocking while mitigating
starvation. We evaluate the effectiveness of the starvation
prevention mechanism by showing the tail latency in §6.2.
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Figure 7: Execution timeline of three jobs with different scheduling
algorithms.

Example. Figure 7 shows an example to demonstrate the
effectiveness of FastServe’s skip-join MLFQ scheduler. In
the example, three jobs arrive at the same time in the order of
J1,J2,J3. T1(Ji) denotes the prefill time of job Ji, and T2(Ji)
denotes the decoding time. We assume that both skip-join
and original MLFQ utilize four priority queues with quantum
values of 1, 2, 4, and 8. Additionally, SRPT serves as the
oracle with the optimal average latency.

As Figure 7 shows, the average latency of FCFS, original
MLFQ, skip-join MLFQ, and SRPT are 4.23, 5, 3.3, and 3,
respectively. FCFS and original MLFQ encounter the head-of-
line blocking problem, where job J1 blocks the remaining jobs,
leading to long average latency. Skip-join MLFQ addresses
this issue by skip-joining job J1 to the low-priority queue,
achieving performance similar to optimal SRPT. Generally,
algorithms that have access to more information perform
better than those with limited information. We evaluate these
scheduling choices under real workloads in §6.3

Algorithm. Algorithm 1 shows the pseudo-code of the skip-
join MLFQ scheduler. The scheduler has a set of priority
queues Q1,Q2, ...,Qn with quantum values q1,q2, ...,qn, and
receives a set of newly arrived jobs Jnew. It schedules a batch
of MaxBatchSize jobs for execution. The skip-join part (❶
in Figure 6) corresponds to lines 6–9, and the demotion and
starvation prevention parts (❷ and ❸ in Figure 6) correspond
to lines 16–17 and lines 19–21, respectively. There are two
notable details. First, the scheduler demotes a job to an η times
lower priority queue based on its next iteration time. FastServe
sets the quantum of the lower priority queue to two times of
that of the higher priority queue, which aligns with previous
work [23] on MLFQ. The quantum of the highest priority
queue is set to the minimum iteration time. The second detail
concerns how the scheduler identifies starved jobs governed
by the parameter α. FastServe tunes α based on the user-
specified SLO, which is set to 300 ms by default.

4.2 Proactive Key-Value Cache Management

Although the skip-join MLFQ scheduler provides iteration-
level preemption to approximate SRPT to achieve lower la-
tency without prior knowledge of the exact job size, it exac-
erbates the pressure of GPU memory consumption. Figure 8
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Algorithm 1 Skip-Join Multi-Level Feedback Queue Scheduler

1: Input: Queues Q1,Q2, ...,Qn, newly arrived jobs Jnew
2: Output: Jobs to be executed Jout for one iteration
3: procedure SKIPJOINMLFQSCHEDULER

4: Prefill: Jout ← /0.
5: // Skip-join newly arrival jobs.
6: for job ∈ Jin do
7: init_time← P.getNextIterTime( job)
8: p job← min i, s.t. qi ≥ init_time
9: Qp job .push( job)

10: for job ∈ {Q1,Q2, ...,Qn} do
11: job.out putNewGeneratedToken()
12: p job← job.getCurrentPriority()
13: if job.isFinished() then
14: Qp job .pop( job)

15: // Demote jobs.
16: if job.depleteQuantum() then
17: Qp job .pop( job), Qp job+η.push( job)

18: // Promote starved jobs.
19: if job.starveTime≥ α then
20: Qp job .pop( job), Q1.push( job)
21: job.starveTime← 0
22: // Schedule jobs to execute.
23: for job ∈ {Q1,Q2, ...,Qn} do
24: if job.isReady() and |Jout |< MaxBatchSize then
25: Jout .push( job)

shows the key-value cache memory consumption of FCFS
and skip-join MLFQ for OPT 2.7B model under a synthetic
workload. Although we choose a relatively small model and
limit the maximum output length to 20, the peak KV cache
memory overhead for skip-join MLFQ can be 7× larger than
that of FCFS. The GPU memory demand becomes even more
pronounced when deploying larger LLMs like OPT 175B.

The reason under the hood is that compared to the run-to-
completion policy in the existing serving systems, iteration-
level preemption provided by the skip-join MFLQ increases
the number of ongoing jobs in the system. Except for the
key-value tensors of running jobs, the skip-join scheduler also
needs to store the key-value tensors for preempted jobs at the
pending state. Unlike process states in traditional operating
system, the intermediate states in LLM inference—namely,
the key-value tensors—can be substantially larger. Formally,
assuming the model weights and all computations are in FP16,
the memory required to store the key-value cache for a sin-
gle job is 4× lh(s+ t), where s denotes the input sequence
length, t the output sequence length, h the transformer hidden
dimension, and l the number of transformer layers. Taking
OPT-175B as an example (l = 96,h = 12288), a single re-
quest with an input length s = 512 will incur a GPU memory
overhead of up to 2.3 GB during the prefill phase. As gener-
ation proceeds, the output sequence length t increases, with
each additional token incurring 4.6 MB of memory consump-
tion. With the emergence of the test-time scaling law [17, 40],
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Figure 8: The key-value cache memory consumption for OPT 2.7B
under different schedulers. The workload follows a Gamma Process
with rate=64 and CV=4. The maximum output length is set to 20 to
avoid GPU out of memory.

LLMs now tend to produce longer outputs, further exacerbat-
ing the memory overhead.

At the same time, GPU memory is a scarce resource when
deploying LLMs. Typically, GPU memory is much smaller
than the host memory. For instance, NVIDIA A100 GPU has
a maximum of 80 GB GPU memory. Besides, a large portion
of GPU memory is allocated to storing the weights of LLMs.
The space available for key-value tensors is therefore limited,
which constrains the runtime batch size and reduces GPU
utilization. As a result, the GPU memory capacity constrains
the potential benefits of the skip-join MLFQ scheduler.

Strawman solution 1: defer newly arrived jobs. To avoid
out-of-memory (OOM) errors, a naive solution is to simply de-
fer the execution of newly arrived jobs when the GPU memory
is not sufficient and keep scheduling current in-memory jobs
until they finish. This straightforward solution is widely used
in existing serving systems, such as vLLM [31]. In this man-
ner, although new jobs are assigned with higher priority, they
are blocked to await the free memory space. Under extreme
long sequence inference settings, this solution would degen-
erate MLFQ to FCFS, suffering from head-of-line blocking
again.

Strawman solution 2: kill and re-compute low-priority
jobs. Another straightforward solution is to kill some low-
priority jobs and release their key-value cache to make room
for newly arrived high-priority jobs. This solution has two
problems. First, the killed jobs lose their generation states,
necessitating to rebuild their key-value tensors. This results
in the waste of valuable computational resources and time.
Second, it may lead to a live-lock. When high-priority jobs ar-
rive and the memory is not enough to accommodate, ongoing
lower-priority jobs are killed. To avoid starvation, killed jobs
may be promoted to the highest-priority queue once they have
waited longer than the specified STARV E_LIMIT . In such
cases, a promoted job may preempt the currently executing
job, which in turn might have just preempted the promoted
job in the previous step.

Our solution: proactive key-value cache swapping. Under
the strict GPU memory capacity constraints, the two strawman
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Figure 9: Comparison of reactive and proactive swapping.

solutions have to sacrifice either the performance of newly ar-
rived jobs or the efficiency of low-priority jobs. To overcome
this dilemma, our key observation is that the key-value ten-
sors only need to be reserved in the GPU memory when their
corresponding jobs get scheduled. Based on this observation,
FastServe extends the space of the key-value cache from GPU
memory to the host memory. FastServe swaps out inactive
key-value tensors of jobs to the host memory to accommodate
additional pending jobs, and swaps in key-value tensors back
to the GPU memory for upcoming jobs.

However, the overhead of swapping is not negligible com-
pared to the token generation time. When deploying OPT-
175B, the key-value tensors of a single job can occupy tens of
gigabytes of memory, and the resulting transmission overhead
between host memory and GPU memory can reach hundreds
of milliseconds even under the full bandwidth of PCIe 4.0×16.
Meanwhile, the token generation time during decoding is
typically less than 50 ms due to application requirements;
therefore, a simple reactive swapping mechanism can incur
substantial overhead.

Instead, FastServe employs a proactive key-value cache
swapping algorithm to mitigate the adverse effects of swap-
ping overhead. The key insight is to overlap the LLM infer-
ence for running jobs with the data transmission for pending
jobs so that the swapping overhead is out of the critical path
of LLM inference. Figure 9 illustrates an example. Instead
of swapping key-value tensors of pending job J2 after job
J1 is preempted or finished, the proactive algorithm swaps
the key-value tensors of J2 in advance. In this way, the swap-
ping overhead of J2 effectively overlaps with the GPU kernel
execution of J1, thereby achieving high GPU utilization. As
swapping in one job consumes expensive GPU memory, the
job swapping order is crucial for GPU memory efficiency.

Job swapping order. Frequently swapping in and out unnec-
essary key-value tensors incurs additional thrashing overhead
if swapping in and out one job with high priority. The swap-
ping overhead can increase to exceed the execution time,
leading to a deterioration in the performance of overlapping.
To address this issue, FastServe calculates the estimated next
scheduled time (ENST) for each job to decide the swapping
order. The ENST is the time when the job will be scheduled
to execute next time. The job with the largest ENST will be
swapped out first, and the job with the smallest ENST will
be swapped in first. Typically, a job with lower priority is
scheduled for later execution. However, owing to the star-
vation prevention mechanism, a job of lower priority might

be elevated to a higher priority queue. Consequently, even a
low-priority job can sometimes be executed first.

In this case, for job i, FastServe considers the time to pro-
mote this job and the sum of execution time of all jobs with
higher priorities before executing i simultaneously. Formally,
let the time threshold for promoting job i be Tpromote(i). As
for the sum of execution time of all jobs with higher priorities
before executing i, we assume those jobs do not finish earlier
before being demoted to the priority queue of job i. The exe-
cution time of job j with a higher priority can be calculated
as follows (i.e., job j is demoted from j.priority to i.priority
one by one):

Texecute(i, j) = ∑
i.priority<k≤ j.priority

qk

where i.priority is the priority of job i, and qk is the quantum
of the priority queue with priority k. Based on this, the sum
of execution time of all jobs with higher priorities than job i
is defined as:

Texecute(i) =
1
B ∑

i.priority< j.priority
Texecute(i, j)

where B is the maximum batch size of jobs. At last, taking
both the promotion for starvation prevention and the execution
of higher priority jobs into consideration, the ENST of job i
is calculated as:

ENST (i) = min(Tpromote(i),Texecute(i))

This ENST definition serves as a means to estimate the
expected scheduling time for the next generation of job i.
Therefore, using this metric to decide the order of swapping
makes the key-value tensors of active jobs reside predomi-
nantly in GPU memory, and those of inactive jobs are more
inclined to reside in host memory.

Handling a burst of new jobs. The proactive key-value cache
swapping strategy is designed for the skip-join MLFQ sched-
uler. In scenarios where a significant influx of new jobs (with
high priority) occurs, the cache management system is forced
to evict jobs reactively, adversely affecting the performance
of these new jobs. To mitigate this, FastServe reserves some
idle key-value cache slots specifically for new jobs, ensur-
ing immediate availability without the need for reactive job
swapping. This approach guarantees the performance of new
jobs. The number of idle slots is based on historical job arrival
patterns. A higher frequency of job bursts necessitates a larger
number of reserved slots. We evaluate the effectiveness of
proactive key-value cache swapping in §6.3

4.3 Support for Distributed LLM Serving

Previous research shows that the effectiveness of LLMs em-
pirically adheres to the scaling law concerning the quantity
of model parameters [30]. However, it is important to note
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Figure 10: Overlapping key-value cache offloading with intermediate
result transmission.

that the memory usage of an LLM also exhibits proportion-
ality to the number of parameters. A prime example is OPT
175B, which, even when stored in half-precision, demands a
staggering 350GB of GPU memory solely to accommodate
its weights. Furthermore, additional memory is required for
handling intermediate states during runtime. Therefore, LLM
often needs to be split into multiple pieces and served in a
distributed manner with multiple GPUs.

Tensor parallelism (TP) [38, 50] and pipeline parallelism
(PP) [28, 37] are two most widely-used techniques for dis-
tributed LLM serving. FastServe supports the hybrid of these
two parallel techniques for serving LLMs. An LLM is com-
posed of a series of operators over multi-dimensional tensors.
TP splits each operator across multiple devices, with each
device executing a portion of the computation in parallel. It
augments both computational and memory resources avail-
able to a single job, consequently reducing the latency of each
iteration. However, substantial communication is required to
split the input and gather the output from different GPUs,
therefore TP is typically used intra-node.

PP splits an entire LLM computation graph into multiple
stages and executes them on different GPUs in a pipeline fash-
ion. During inference, each stage computes a part of the entire
computation graph and transmits the intermediate results to
the next stage in parallel. It incurs less communication over-
head compared to TP, therefore can be used inter-nodes. Since
multiple running batches are under processing simultaneously
in different stages, PP can increase overall throughput, but for
a single job, it may slightly increase latency. Supporting PP re-
quires FastServe to handle multiple batches in the distributed
engine at the same time.

Job scheduling in distributed serving. In the traditional
MLFQ, if no new job arrives, the scheduler schedules the job
with the highest priority and executes it until it finishes or
is demoted. However, with pipeline parallelism, the sched-
uler schedules at the granularity of individual stage. Once a
job completes its first stage and transmits the intermediate
results to the subsequent stage, a decision point arises for
the scheduler regarding the next job to set in motion. In this
case, the scheduler cannot follow the traditional MLFQ that
keeps scheduling the same job until demotion, because the
job is still in progress. To preserve the semantics of MLFQ,
FastServe still keeps the running job in the priority queue,

Model Size # of Layers # of Heads Hidden Size

LLama3-8B 16GB 32 32 4096
OPT-13B 26GB 40 40 5120
OPT-66B 132GB 64 72 9216
OPT-175B 350GB 96 96 12288

Table 1: Model configurations.

but schedules the highest priority job in the pending state.
Thus, the early jobs in a queue can expedite their quantum
completion.

Key-value cache management in distributed serving.
Given that the key-value cache occupies a large fraction of
GPU memory, the key-value cache of FastServe is also par-
titioned across multiple GPUs. In LLM inference, each key-
value tensor is used by the same stage of the LLM. Therefore,
FastServe partitions key-value tensors as tensor parallelism
requires, and assigns each key-value tensor to the correspond-
ing GPU so that all computation on a GPU only needs local
key-value tensors on the same GPU.

The proactive key-value cache swapping mechanism of
FastServe is also distributed. Because different stages of the
LLM process different jobs at the same time, each stage may
offload or upload different key-value tensors independently.
To reduce redundant control, before processing the interme-
diate result sent from the previous stage, the current stage
does the same offloading or uploading action as the previous
stage does. The intermediate result transmission and key-
value cache swapping occur in parallel, so the overhead of
key-value cache swapping is further reduced. As shown in
Figure 10, when the intermediate result is sent to the next
stage, the next stage receives the swapping instructions and
can swap the key-value cache at the same time if needed. The
key-value cache swapping mechanism only needs to decide
the offloading or uploading of the first stage. When using ten-
sor parallelism splitting the first stage into multiple chunks, a
centralized key-value cache swapping manager instructs all
chunks in the first stage to offload or upload the key-value
tensors owned by the same job.

5 Implementation
FastServe is a distributed LLM inference serving system with
a RESTful API frontend, a scheduler, and a distributed execu-
tion engine. The frontend and scheduler are implemented with
2.9K lines of Python code. The distributed execution engine
is implemented with 8.1K lines of C++/CUDA code. The
frontend supports OpenAI API compatible interface where
clients can specify the sampling parameters like maximum
output length and temperature. The scheduler implements the
skip-join MLFQ and proactive swapping policies. The dis-
tributed execution engine uses Ray [36] actor to implement
GPU workers which execute the LLM inference and manage
the key-value cache in a distributed manner. We implement
popular open-source LLMs such as OPT in C++ to achieve
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Figure 11: Average latency of different serving systems with OPT models on real workloads.
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Figure 12: Tail latency of different serving systems with OPT models on real workloads.

better performance and scalability than the popular Python
implementations in Huggingface [56]. We also implement
custom CUDA kernels to support Orca’s [59] iteration-level
scheduling and vLLM’s [31] PagedAttention.

6 Evaluation
6.1 Methodology

Testbed. The end-to-end experiments (§6.2) use two AWS
EC2 p4d.24xlarge instances. Each instance is configured with
eight NVIDIA A100 40GB GPUs connected over NVLink,
1152 GB host memory, and PCIe 4.0×16. Due to the limited
budget, the experiments for design choices (§6.3) use one
NVIDIA A100 40GB GPU in our own testbed to validate the
effectiveness of each component.

LLM models. We choose the representative LLM family,
OPT [61], which is widely used in both academia and industry.
We select common model sizes. We also include Llama3-
8B which uses Grouped Query Attention (GQA) to show
the generalizability of FastServe across different attention

architectures. Table 1 lists the model configurations. We use
FP16 precision in all experiments. Noteably, the techniques
proposed in FastServe are orthogonal to the model size and
we evaluate FastServe on multi-GPU setting in §6.2 to show
its effectiveness on large models to show its generalizability.

Workloads. Similar to prior work on LLM serving [31], we
generate workloads based on ShareGPT [4] and Alpaca [52]
datasets. These datasets contain real-world inputs and out-
puts of LLM services. The ShareGPT dataset is composed
of user-shared conversations with ChatGPT [4]. The Alpaca
dataset is generated by GPT-3.5 with self-instruct [52]. Since
these datasets do not include the arrival time, we follow prior
work [31] to generate the arrival time for each request follow-
ing a Poisson process parameterized by the arrival rate.

Evaluation metrics. Similar to prior works [31, 59], we mea-
sure the average per-token latency, which is calculated as the
mean of every job’s end-to-end latency divided by its output
length. In addition, we also report the P95 tail latency to re-
flect the fairness. For comparison, we set a latency SLO and
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(a) 5× SLO. (b) 10× SLO. (c) 20× SLO.
Figure 13: P95 goodput under different SLOs.

compare the maximum throughput each system can achieve
under the SLO. We follow prior work [44] to set the latency
SLO to 10× of the latency of a single iteration in the decod-
ing. Specifically, we set SLO to 0.3 seconds based on our
profiling. We also report the SLO attainment, which is the
percentage of jobs that meet the SLO requirement.
Baselines. We compare FastServe with three baselines. For
fair comparison, all baselines use the same tensor parallelism
size, pipeline parallelism size, and batch size as FastServe.
The maximum batch size is aligned with the actual maximum
batch size reported in previous works [31, 59].
• FasterTransformer [14]: It is a production-grade infer-

ence engine from NVIDIA. It supports both tensor paral-
lelism and pipeline parallelism. However, it adopts job-level
scheduling and short jobs are blocked by long jobs in the
same batch. We use FasterTransformer v5.3.

• vLLM [31]: It is the state-of-the-art LLM serving system
that supports iteration-level scheduling [59] and Paged-
Attention [31] to reduce memory fragmentation caused by
key-value cache. However, it uses a simple FCFS scheduler
with run-to-completion execution, which suffers from head-
of-line blocking. We use vLLM v0.6.1, which is the latest
version when the experiments were conducted. We keep
all configurations the same as FastServe except scheduling
mechanism.

• FastServe-FCFS: It uses the same distributed execution
engine of FastServe, but it does not use techniques proposed
in §4. This baseline helps differentiate the speedup brought
by the techniques proposed in this paper from that by the
efficient implementation of FastServe.

6.2 End-to-End Performance

We first compare the end-to-end performance of four systems
under two workloads when serving three models of different
sizes on single-GPU, multi-GPU, and multi-node environ-
ments, respectively.

The first row of Figure 11 shows the results under the
ShareGPT dataset. Because FasterTransformer does not sup-
port iteration-level scheduling, it cannot return early finished
jobs in the batch and add new jobs into the batch to reduce
latency, leading to the head-of-line blocking even when the
job arrival rate is small. Therefore, FastServe outperforms
FasterTransformer by 31.5–74.9× in terms of throughput un-
der the SLO. As the state-of-the-art serving system, although
vLLM significantly accelerate inference compared to Faster-
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Figure 14: Effectiveness of FastServe under large batch size.

Transformer and reduce GPU memory consumption, vLLM
suffers from FCFS scheduling. Because a large portion of
the end-to-end latency is the queuing delay, optimizing the
execution time is not enough. Equipped with the skip-join
MLFQ scheduler, FastServe significantly reduces the queuing
delay and outperform vLLM by 2.1–6.1×. Besides, FastServe-
FCFS outperforms vLLM, because it uses more efficient C++
implementation and fuses more operations into fewer GPU
kernels. But it still suffers from the head-of-line blocking
problem, which makes it slower than FastServe by 2–4×.

The second row of Figure 11 shows the experiment results
under the Alapca dataset. Since the job size of Alpaca is
smaller than that of the ShareGPT dataset, all serving sys-
tems can maintain low latency even when the rate is relatively
higher than that under the ShareGPT dataset. However, the
performance gain of FastServe is similar. Without iteration-
level scheduling, FasterTransformer is the slowest system and
FastServe outperforms it by 9.5–15.8×. vLLM achieves bet-
ter performance than FasterTransformer, but it still suffers
from the head-of-line blocking problem. As a result, Fast-
Serve outperforms vLLM by 2.75–3.5×. With our efficient
implementation, FastServe-FCFS also outperforms vLLM,
but it is still slower than FastServe by 1.6–2×.

Impact on tail latency. A potential concern of preemptive
scheduling and MLFQ is that it can cause starvation for long
jobs and hurt tail latency. FastServe incorporates a starva-
tion prevention mechanism in its skip-join MLFQ scheduler
(§4.1). To demonstrate the effectiveness of the starvation
prevention mechanism, we measure the 95% latency of all
the systems under the ShareGPT dataset. As shown in Fig-
ure 12, FastServe significantly improves the throughput of
LLM inference jobs under the same SLO requirement for tail
latency. For example, when serving OPT-175B, compared to
FastServe-FCFS, FastServe improves the throughput by up to
1.5×. FastServe also outperforms FastServe-FCFS by 2–2.8×
when serving OPT-13B and OPT-66B. FastServe achieves up
to 8.1× and 59.8× performance improvement compared to
vLLM and FasterTransformer, respectively. The results show
that although FastServe is designed to reduce average latency,
it can also significantly reduce tail latency of LLM inference
jobs. Prioritizing short jobs with the skip-join MLFQ sched-
uler can effectively reduce the head-of-line blocking problem
and does not hurt the tail latency. Even for long jobs, Fast-
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Figure 15: Effectiveness of FastServe under GQA architecture.

Serve can still accelerate them by reducing their queuing
delay. The starvation prevention mechanism ensures that long
jobs can be scheduled in a reasonable time.

Impact on goodput. To evaluate goodput under varying SLOs
when serving the OPT-13B model, we measure the P95 good-
put, i.e., the throughput at which 95% of jobs meet the SLO
for both prefill and decoding phases, consistent with prior re-
search [35,57,63]. We configured SLOs at 5×, 10×, and 20×
the light-load latency of each respective phase. As shown in
Figure 13, FastServe consistently achieves the highest P95
goodput, outperforming vLLM by 1.66–1.82× and FastServe-
FCFS by 1.46–1.64×. These findings underscore FastServe’s
effectiveness in enhancing system throughput while adhering
to the SLOs of the both stages.

Performance under large batch size. To evaluate the perfor-
mance of FastServe under large batch size, we compare the
performance of FastServe with vLLM and FastServe-FCFS
when serving OPT-13B with batch size 64 and 128 on the
ShareGPT dataset. These batch size is larger than the maxi-
mum batch size used by previous work [31] under the same
setting. As shown in Figure 14, FastServe outperforms vLLM
and FastServe-FCFS by up to 1.43× and 1.29× under batch
size 64, and 1.51× and 1.17× under batch size 128. The re-
sults demonstrate that skip-join MLFQ can accelerate LLM
inference and FastServe can effectively improve the system’s
throughput under large batch size.

Performance under GQA model architecture. To evalu-
ate the performance of FastServe under increasingly adopted
Grouped Query Attention (GQA) [6], we compare Fast-
Serve with vLLM and FastServe-FCFS when serving Llama3-
8B [22] on both ShareGPT and Alpaca. As shown in
Figure 15, FastServe consistently outperforms vLLM and
FastServe-FCFS by 2.1× and 1.6× on ShareGPT, and 3.0×
and 1.4× on Alpaca. This demonstrates that FastServe can
effectively improve system throughput under GQA, an archi-
tecture more friendly to key-value cache efficiency.

6.3 Design Choices

Effectiveness of skip-join MLFQ. To demonstrate the ef-
fectiveness of FastServe’s skip-join MLFQ scheduler, we
compare its performance against FCFS, naive MLFQ, and
Fixed Priority while serving the OPT-13B model. We use the
ShareGPT dataset to generate jobs and alter the ratios between
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Figure 16: Effectiveness of skip-join MLFQ.

input and output lengths while preserving the original length
distribution. This adjustment reflects the current trend of ex-
panding LLMs’ context window size [8, 21, 57]. Figure 16
presents the experiment results across these ratios. FCFS con-
sistently exhibite high latency due to head-of-line blocking,
irrespective of the ratio. Naive MLFQ performe well at low
ratios where prefill and decoding times are similar but strug-
gle with longer prefill time as the ratio increases. Conversely,
Fixed Priority excels at high ratios where prefill dominates
but underperforms at low ratios by disregarding decoding.
Leveraging its semi-information-agnostic approach, skip-join
MLFQ consistently outperforms FCFS, naive MLFQ, and
Fixed Priority by up to 8.9×, 1.87×, and 13.9×, respectively.

Effectiveness of proactive key-value cache management.
We evaluate the effectiveness of FastServe’s proactive key-
value cache management by comparing its performance
against two baselines, Recompute and Reactive (defined
in §4.2), while serving OPT-13B on the ShareGPT dataset.
The results are depicted in Figure 17(a). Under low request
arrival rates, ample GPU memory allows all key-value caches
to reside concurrently, resulting in comparable performance
among the strategies. Conversely, higher arrival rates lead to
GPU memory contention, forcing cache preemption and re-
vealing distinct performance characteristics for each approach.

Under memory pressure, Recompute discards low-priority
key-value (KV) caches, incurring recomputation overhead. As
shown in Figure 17(a), avoiding this overhead allows proac-
tive swapping to outperform Recompute by 2.7×. Reactive
swaps low-priority caches to host memory when GPU mem-
ory is insufficient and retrieves them when needed, but these
transfers block computation as they are on the critical path.
In contrast, proactive swapping anticipates memory require-
ments, preemptively swapping low-priority caches out and
high-priority caches in. This strategy overlaps data transfers
with computation, achieving a 1.7× speedup over Reactive.

We further analyze the overhead of proactive swapping
by dividing end-to-end latency into queuing delay, execution
time, and swapping time. Figure 17(b) reveals that swapping
time is less than 5% of the total latency. This is because
proactive swapping largely overlaps with other job executions
and the swapping time is negligible.
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Figure 17: Effectiveness of proactive key-value cache management.
(a) Comparison between different key-value cache management
policy. (b) Latency breakdown of FastServe.

Performance comparison with chunked prefill. To further
evaluate FastServe, we compare it against chunked prefill,
a method that divides long-context prefill into smaller seg-
ments to reduce decoding slowdowns caused by continuous
batching. While chunked prefill partially mitigates the head-
of-line blocking issue, it cannot fully eliminate it due to the
additional overhead introduced by repeated partitioning. In
contrast, FastServe addresses this limitation by employing an
online scheduling approach, resulting in up to 1.5× perfor-
mance improvement over chunked prefill. The experimental
results are demonstrated in Figure 18.

7 Related Work
Preemptive scheduling. Many job scheduling solutions use
preemptive scheduling. For DL workloads, Tiresias [23] uses
MLFQ to optimize job completion time for DL training jobs.
Pipeswitch [11] and REEF [25] provide efficient GPU pre-
emption to run latency-critical and best-effort DL tasks to-
gether. Different from them, FastServe targets a new scenario,
LLM inference serving. In the field of LLM serving, Llum-
nix [51] proposes a dynamic scheduling algorithm for load
balancing and isolation across multiple instances, while Fast-
Serve focuses on preemptive scheduling within a instance.
Sarathi-Serve [5] proposes chunked-prefills to mitigate the
interference between the prefill and decoding phases. How-
ever, as shown in Figure 18, FastServe can further reduce the
head-of-line blocking caused by the prefill chunks and the de-
coding phase. QLM [43] uses queue management to optimize
SLO attainment for LLM inference, whose goal is different
from FastServe. Besides, FastServe further proposes proactive
swapping to mitigate the memory overhead of preemption.

Inference serving. Many traditional model serving sys-
tems [15,16,24,39,60] only focus on serving relatively small
models in a cluster without awareness of characteristics of
LLMs. Recently, several serving systems are proposed to opti-
mize Transformer-based LLMs [19, 32, 35, 49, 59]. Orca [59]
and vLLM [31] considers the autoregressive generation pat-
tern of LLMs. However, due to their FCFS policy, they suffer
from severe head-of-line blocking problem. VTC [49] focus
on the fairness of LLM serving but does not consider the
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Figure 18: Comparison between FastServe and chunked prefill.

preemption scenario. Splitwise [42] and DistServe [63] dis-
aggregates the prefill and decoding phase to eliminate the
interference between them and thus optimize execution la-
tency. LoongServe [57] uses elastic sequence parallelism to
dynamically set degree of parallelism for different requests at
different phases. These systems are orthogonal to FastServe.

Memory optimization for LLMs. Some work [10,55] targets
training, which is orthogonal to the serving scenario. Quan-
tization [18, 20, 34, 58] compresses the model weights into
lower precision after training to reduce the memory footprint
during inference. SparTA [62] exploits model sparsity to ac-
celerate computation. However, these approaches sacrifice
the model accuracy. vLLM [31] proposes PagedAttention to
reduce the GPU memory fragmentation. This is orthogonal to
this paper and FastServe implements PagedAttention as well.

8 Conclusion
We present FastServe, a distributed inference serving system
for LLMs. We exploit the autoregressive pattern of LLM infer-
ence to enable iteration-level preemption and design a novel
skip-join MLFQ scheduler to address head-of-line blocking
problem. We propose a proactive key-value cache manage-
ment mechanism to handle the memory overhead of the key-
value cache and hide the data transmission latency with com-
puting. Based on these, we build a prototype of FastServe.
Experiments show that FastServe improves the throughput by
up to 6.1× under the same latency SLO compared to vLLM.
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