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Preface

This paper aims to address the challenges of serving large language models
(LLMs) in real-time. It may be helpful to scholars who conduct research
LLM-related system design, providing insights into how to override the KV
cache bottleneck in LLM inference and how to mitigate pipeline bubbles in
the architecture.
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Abstract

Large Language Models (LLMs) such as ChatGPT have been progressively
revolutionizing natural language processing tasks. Since most LLM appli-
cations such as chatbots and question answering systems involve real-time
interactions, high throughput and low latency are critical for LLM inference
systems. However, existing LLM inference systems stuggle because the batch
sizes are limited by the key-value cache (KV cache) memory, and bubbles
exist in the inference pipeline due to the Attention mechanism, leading to in-
efficiency in inference. In this paper, I present FLUIDINFER to address these
challenges. FLUIDINFER abandons the term batch size and instead arbitrarily
concatenates or splits requests in non-Attention layers to achieve much higher
throughput. It further packs requests dynamically in the Attention layer to re-
duce pipeline bubbles, while overriding the limitation of KV cache by swapping
between GPU and host memory. Simulation results show that FLUIDINFER
outperforms state-of-the-art LLM serving systems by 2x to 4x improvement
in throughput, and achieves approximately 3x lower latency bound.
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1 Introduction

In recent years, LLMs have demonstrated exceptional capbabilities in a wide range of natural
langauge processing tasks, such as chatbots [I], 2, 3] and coding assistants [4l, 5]. However, along
with their emergent abilities come increasingly massive model sizes [0} [7, 8], leading to extremely
high computational and memory costs. For instance, GPT-175B requires 325GB of GPU memory
simply to load its model weights even with parallelism and quantization techniques, let alone KV
cache and activations during inference [9]. This would translate into at least 5 NVIDIA A100
GPUs, which cost over $100, 000 in total. Moreover, at the core of LLMs, the computational com-
plexity of the transformer model is quadratic to sequence lengths [10]. Consequently processing a
LLM request can be tens of times more expensive than a traditional query [I1]. Given these high
costs, it is thus critical to optimize the serving system for higher throughput and lower latency.
However, there are two major challenges that existing systems struggle to address.

Firstly, KV cache is a bottleneck in LLLM inference, limiting the maximum possible batch size
thus limiting throughput. Figure [I] demonstrates the memory layout in the GPU when serving
LLM inference, exemplified by using the OPT-6.7B model [3] with four NVIDIA GeForce RTX
4090 GPUs. The available space for KV cache is only 30% of the total GPU memory, while the
KV cache size required by a single request with 2048 tokens of context length is nearly 8GB. This
number would further increase linearly as the model size scales up. vLLM [12] has applied virtual
memory management techniques such as paging and page swapping to KV cache to allow more
efficient KV cache utilization, but it still cannot override the limitation of KV cache. In short,
the batch size is limited by the KV cache size, and the throughput of existing systems is limited
by the batch size.

To resolve this bottleneck, I propose to get rid of the notion of batch size by the following
observations. First, the maximum possible batch size is determined by the KV cache, while
Attention is the only operation in transformer models that require the presence of KV cache
in GPU memory. Therefore, it is unnecessary to use the same upper bound for the number
of requests that can be simultaneously processed in non-Attention layers and in the Attention
layer. Secondly, the computations in non-Attention layers are token-wise, meaning that they do
not need to distinguish the tokens from different requests. In other words, tokens from different
requests can be arbitrarily concatenated, and those from the same request can also be arbitrarily

splitted, as long as we keep track of how they are reassembled together. This approach would



BN Parameters (Fixed)
KV Cache (Per Request)
Others (Activations, etc.)

Figure 1: Memory layout when serving LLM inference, using the OPT-6.7B model [3] with four
NVIDIA GeForce RTX 4090 GPUs as an example.

maintain exactly the same computation results, thus not sacrificing the accuracy of the model.
As in continuous batching [I3], the concatenated sequence will be splitted before Attention,
passed through the Attention layer in parallel, and finally reassembled again in the same order
for further layers. No longer being limited by the KV cache, it becomes possible to perform
batched processing of non-Attention layers at much larger scales to achieve higher throughput.

However, the above approach introduces a new problem: the number of requests that need
to go through the Attention operation in a forward pass can be much larger than the maximum
number of requests whose KV cache can be held in the GPU memory at the same time. To
address this issue, I propose to offload and upload KV cache between GPU and host memory.
To mitigate the overhead incured by such cache swapping, a proactive swapping pipeline can be
implemented to overlap memory communication with computation. This approach maintains the
original level of parallelization in the Attention layer, thus not affecting its efficiency. Combined
with the previous technique that accelerates non-Attention layers, this approach can achieve
overall higher efficiency.

Secondly, state-of-the-art LLM inferences implement continuous batching [I3], meaning that
scheduling is done at the granularity of iterations, i.e., generating one next token. However,
existing LLM inference systems do not distinguish iterations in different inference phases, leading
to bubbles in the execution pipeline. In the prefill iteration when a request has just arrived, none
of its tokens have been cached and we need to compute the keys and values for all its input tokens.
On the other hand, in a decode iteration, all previous tokens of the request has already been cached

so we need to compute the key and value only for one new token. Note that the computational



complexity of Attention is quadratic to the sequence length [10], so the computation time for these
two phases varies significantly. Moreover, as a consequence of continuous batching, the Attention
operation remains unbatched so different iterations are computed separately in parallel [I3].
Hence, with prefilling iterations being significantly slower than decoding iterations, there exist
pipeline bubbles that lead to inefficiency in inference.

To resolve this challenge, the system should be aware of iterations in different phases and
approximates their Attention time by the number of input and cached tokens. In particular, a
long prefill iteration can be executed in parallel with several sequentially scheduled short decode
iterations. Also, if a long and a short prefill iterations are scheduled in parallel, the short decode
iteration can further be sequentially packed with several decode iterations to minimize the pipeline
bubbles.

Based on the aforementioned techniques, I present FLUIDINFER, a distributed serving sys-
tem for the inference of transformer-based LLMs. FLUIDINFER is not fully implemented, but a
comprehensive simulator is implemented to evaluate different methods and demonstrate its pro-
ficiency. The results show that FLUIDINFER significantly outperforms vLLM [12], showing 2x to
4x throughput improvement and approximately 3x reduction in latency bound. To summarize,

the main contributions of this paper include:

e [ propose to get rid of the notion of batch size by concatenating or splitting requests in

non-Attention layers, overriding the limitation of KV cache to achieve higher throughput.

I solve the issue due to overriding KV cache limit by offloading and uploading KV cache
between GPU and host memory, and further implement a proactive swapping pipeline to

mitigate cache swapping overhead.

I identify pipeline bubbles in the Attention operation, and propose a novel scheduling

algorithm to pack multiple iterations in the pipeline to minimize the bubbles.

I simulate FLUIDINFER, the system that implements the aforementioned techniques, and

demonstrate that is substancially outperforms the state-of-the-art solution vLLM [12].

Organization. In §2| I will present the related work regarding fast serving systems of LLM
inference. In I will briefly introduce some basics of LLM inference that are essential for
further discussions. In I will discuss in detail the design of FLUIDINFER, extending and

explaining the aforementioned challenges and proposed solutions. In §5] I will briefly list the



implementation efforts of FLUIDINFER, though it is still under development. In §6], I will provide
evaluations of FLUIDINFER to demonstrate its proficiency. Finally in §7 I will conclude this

paper and discuss future works.

2 Related Work

Batch processing. One common approach to accelerate LLM inference serving is to batch multi-
ple requests to increase throughput. Most LLM inference systems, such as TensorFlow Serving [14]
and Triton Inference Server [15], implement this approach. This technique stacks the tensors of
a batch of requests, leveraging hardware capabilities in parallel computing and reducing memory
overhead by processing more data within a single load of parameters. However, naive batching
results in the same batch size across all transformer layers, being suboptimal in that the limitation

of batch size for the Attention layer is different from that for the non-Attention layers.

Memory optimization. KV cache is the bottleneck that bounds the maximum possible batch
size, leading to limited throughput. Motivated by the bottleneck in KV cache utilization,
vLLM [12] proposed an efficient KV cache management strategy, inspired from the paging tech-
nique in operating systems. It observed that current serving systems pre-allocate sufficient mem-
ory in the KV cache such that it can hold the maximum number of tokens of that request,
because the Attention operation must be performed in contiguous memory. However, as is shown
in Figure [2h, this causes serious memory overhead. Most requests never get close to the maxi-
mum generation length (light gray parts are significantly shorter than dark gray parts), leading
to internal fragmentation. Moreover, external fragmentation may also arise, in that Request 3
cannot fit in even though there is theoretically sufficient memory space. vLLM suggests that the
KV cache can be divided into KV blocks to hold keys and values just as dividing kernel space
memory into pages to hold processes (Figure ) Internal fragmentations are resolved becacuse
pre-allocation is no longer needed, and external fragmentations are minimized given reasonable
block size. It also developed the PagedAttention algorithm to perform computation on each KV
block and combine them together. Current LLM inference systems [16, [17] have widely adopted
these optimization, as this paper will also follow. However, vLLM only addresses the KV cache
utilization issue, but not the KV cache size limitation issue. This paper aims to override the

limitation of KV cache and enable parallelized processing at much larger scales.
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Figure 2: (a) The naive KV cache management, pre-allocating sufficient space for the maxi-
mum generation length (dark gray plus light gray). (b) The KV cache management
of vLLM [12], dividing the KV cache into KV blocks.
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Figure 3: Each block represents an iteration of some requests, and different colors stands for
different requests. The rows represent the requests in the a batch, and the widths of
the blocks represent the execution time. Orca [13] assumes that each iteration takes
approximately the same amount of time, hence same width. (a) Naive request-level
batching and scheduling. (b) Continuous batching with iteration-level scheduling.

Scheduling. Reasonable and efficient scheduling is another critical component in serving LLM
inference. Orca [I3] pointed out that request-level batching can cause serious latency. Due to
the autoregressive nature of LLM inference (i.e., generate one next token iteratively), inference
time can largely vary due to different and unpredictable response lengths, even with the same
model. Request-level batching can easily cause requests with short responses to be delayed if
there are requests with long responses in the same batch (Figure ) Therefore, Orca proposed
continuous batching, splitting a single query into iterations and thus allowing early-return of
short queries and early-join of new requests (Figure ) The only issue with continuous batching
is that the Attention layer cannot be batched due to varying tensor shapes, but experiments
have shown that this have minimal effect compared with the benefits that continuous batching
can bring. Recent systems [16, [I8, [I7] have gradually been supporting this feature for better
performance, which is what this paper also adopts. On top of this, FastServe [18] improved the
trivial first come first serve (FCFS) scheduling of Orca to avoid starving short requests due to no
preemption. It suggests that multilevel feedback queue (MLFQ) can be utilized to approximate
shortest remaining processing time first (SRPT) behavior in the information-agnostic setting

where we do not know in advance the remaining time of a request.
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However, none of these approaches distinguish iterations in different phases, leading to bub-
bles in the execution pipeline. Since a prefill iteration needs to compute the attention values
of all input tokens, while each decode iteration needs to compute the attention value of only
one new token, though the decode iterations take approximately the same time, there can be
significantly gaps between decode and prefill iterations, or prefill iterations with different input
lengths, which is the one of the problems that this paper aims to address. Sarathi [19] is the only
current LLM serving system that is aware of these bubbles, but it only addresses this issue in
the context of pipeline parallelism [20] 21I] but not in general. Deepspeed-FastGen [17] released
a blog showing awareness of this issue as well, but it has not released its technical details. This
paper aims minimize these pipeline bubbles by designing a novel scheduling algorithm to pack

multiple iterations in the pipeline, which will be a general solution under any setting.

3 Background

In this section, I will introduce the transformer architecture and the inference procedure of

transformer-based LLMs, which will be the basis of the rest of this paper.

The transformer architecture. The transformer is the core of most LLMs nowadays [II, 2, 3].
Simply put, it does only one thing, i.e., generate the most-likely next token given a sequence of
input tokens. Because of this, in order to generate a sequence of output tokens, the transformer
model needs to be executed multiple times, each time generating one token, appending it to the
input sequence, and repeating the process in the next iteration until a special end-of-sentence
(<eos>) token is generated. As is shown in Figure 4} each column represents an iteration (or a
forward pass) through the transformer model, consisting of N identical transformer layers, though
with different sets of model parameters.

The structure of each transformer layer is further depicted in Figure [ For simplicity, it
demonstrates the single-headed non-batched scenario. Multi-headed Attention is essentially the
same, and the effect of batching will be discussed later in this paper. Ignoring minor sublayers

such as LayerNorm and AddResidual, each transformer layer consists of the following steps:

e Pre-Attention: A tensor of shape [L, H]| is fed into the transformer layer, where L is some
sequence length and H is the hidden size of the model. It is passed through the QKVLinear

sublayer, which is a matrix multiplication with a weight tensor [Wq | Wi | Wy/| of shape
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Figure 4: A computation graph of the inference procedure of transformer-based LLMs. For the
sake of simplicity, it ignores non-transformer layers such as word embedding layer, etc.

[H,3H], and split into three tensors @, K, and V', each of shape [L, H], known as the query,

key, and value.

e Attention: This is the operation that distinguishes transformer from other neural networks,

allowing it to capture long-range dependencies. It computes the attention values as

-
Attention(Q, K, V) = softmax <Q\/KE> v, (1)

namely the scaled dot-product attention [10].

e Post-Attention: The attention values of shape [L, H] is passed through an OutProj sublayer,
which is a matrix multiplication by the output projection weight Wy of shape [H, H]. After
that, the feed forward network (FFN) module performs a matrix multiplication by Wj of
shape [H, H'], a non-linear activation such as ReLU, and another matrix multiplication by
Wy of shape [H', H]. Here, H' is the FFN dimension (also called the second hidden size)

of the model. The output of the FFN module is again back to the shape [L, H].

LLM inference procedure and KV cache explained. The inference of a transformer-based
LLMs for each request consists of one prefill iteration (Iteration 0 in Figure and multiple
decode iterations (Iteration 1 and Iteration 2 in Figure . In a prefill iteration, L is the length of
the input sequence. Particularly in the Attention sublayer, it follows the no-cache routine with
z = L in Figure [6] and computes the attention values of all input tokens, while storing their keys

and values in the KV cache. The KV cache then plays its critical role in the decode iterations.
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Figure 5: The structure of each transformer layer, which each node representing a sublayer. The
shapes beside the arrows represent the shape of the input tensors to the next layer. If a
sublayer is simply a matrix multiplication, the shape (bold) on its right represents the
shape of the weight tensor.

In each decode iteration (suppose that input sequence has been appended to length z), only the
attention value of the new token x is needed, so the data grayed out in the no-cache routine are
redundant. However, the computation still requires the keys and values of all previous tokens,
forcing an input tensor of shape [z, H| instead of [1, H]. With the KV cache, however, keys and
values of all previous tokens are cached to avoid recomputation, as is shown by the dark blocks
in the cached routine in Figure @ Consequently, an input tensor of shape [1, H] would suffice
in each decode iteration, trading space for efficiency and avoiding redundant recomputations. In
particular, QKVLinear would output @), K, and V all of shape [1, H] in a decode iteration, but
K and V are concatenated with the cache into shape [z, H]| before passing into the Attention

layer. The output of the Attention layer remains of shape [1, H].

4 Fluidinfer Design

In this section, I will first introduce the mechanism to override KV cache limitation for higher
throughput (§4.1]). Then, I will present the scheduling algorithm to minimize pipeline bubbles in
the Attention operation (§4.2). Finally, I will demonstrate how these techniques can be applied

to a distributed serving system for LLM inference (§77).
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Figure 6: KV cache explained [22]. Operations in Attention other than matrix multiplications
(e.g. Softmax) are not depicted for simplicity. The grayed out blocks in the no-cache
routine (top) represent data that are needed in a prefill iteration but redundant in a
decode iteration. The dark blocks in the cached routine (bottom) represent data that
are cached and reused.

4.1 KV Cache Limitation

Challenge. In LLM inference, the available KV cache in the GPU memory is limited while each
request can take a large amount of KV cache storage. Moreover, to execute a batch of iterations
in parallel, it is required that the whole KV cache of the corresponding requests must exist in the
GPU memory simultaneously. Consequently, the maximum possible batch size is limited by the
KV cache size, and the throughput of existing systems is limited by the batch size. The ultimate

goal is to override the limitation of KV cache, avoiding it from being the bottleneck of the system.

Observation. Firstly, the Attention layer is the only place where KV cache plays its role, while
all other non-Attention layers does not require the corresponding KV cache to be existent in the
GPU memory. Secondly, all the non-Attention layers are token-wise. In particular, Attention
requires the notion of requests during matrix multiplications because it is not reasonable to
compute the attention value between two tokens from different requests, while this is not the
case for all other layers, including Linear, LayerNorm, AddResidual, Actication (e.g. ReLU), etc.
Hence, it is possible to arbitrarily concatenate or split requests in non-Attention layers without

affecting the correctness of the inference result.

Solution. Instead of executing the whole pipeline with a fixed batch size, FLUIDINFER gets rid
of this notion and concatenate or split the input tokens of different requests arbitrarily. The
execution pipeline of current LLM serving systems is shown as in Figure [Th. With a fixed batch

size of 3 (which is the limitation of KV cache), 3 iterations are batched and executed in one forward
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Figure 7: The execution pipeline, assuming that the GPU memory can hold the KV cache of
at most 3 requests. The pipeline depicts only one transformer layer, since the case is
the same for multiple layers. The numbers represent iterations from different requests,
and different colors represent execution of pre-Attention, Attention, and post-Attention
layers, respectively. A full block means concatenating input tokens of the iterations for
computation. Separate blocks in a column means execution in parallel, with each block
representing the execution of input tokens of one iteration. (a) The execution pipeline
of current LLM serving systems. (b) The execution pipeline of FLUIDINFER.

pass through the model. Once the current batch of iterations is completed, the system schedules
and executes the next batch of 3 requests. In Figure [7p, however, FLUIDINFER concatenates a
much larger number of requests for pre-Attention and post-Attention layers. The exeuction of the
Attention layer is the same as in existing systems, since it must be limited by the KV cache size.
The reason why FLUIDINFER is more efficient is that, while Attention time remains unchanged,
pre-Attention and post-Attention layers achieve higher level of parallelism. In particular, with the

notations in Figure [7] the execution time of existing systems and FLUIDINFER are respectively

k k k k
Texisting = Z(Ti,pre + Ti,attn + Ti,post) = Z T%,pre + Z Ti,attn + Z T%,posta <2>
=0 =0 =0 =0
k
TFLUIDINFER - Tpre + Z E,attn + Tpost7 (3)
=0

where Thre < Z?:o T pre and Thost < Zf:o T; post, especially with large £ values. Optimally,
the number of concatenated tokens should saturate GPU compute, requiring at least length of
512 under the setting of OPT-6.7B [3] with four NVIDIA GeForce RTX 4090 GPUs. Since each
decode iteration consists of only one token, this is equivalent to a batch size of over 512, far
beyond the maximum possible batch sizes supported by current serving systems, which would be

at most 16 under the same setting.
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KV cache swapping. In Figure [7p, the iterations 1,2, ...,3k + 3 are necessarily from different
requests, because the next iteration in a request would depend on the result of the previous
iteration in the same request, so they cannot be parallelized. Consequently, the number of
iterations that need to pass through the Attention layer would largely exceed the KV cache limit,
even though the number of iterations executed in parallel can be kept within that boundary.
To overcome this issue, FLUIDINFER uses a KV cache swapping pipeline (Figure . During
execution of the current iterations, FLUIDINFER offloads the KV cache of the previous iterations
to the host memory, and uploads the next iterations to the GPU memory. For instance, when
executing iterations 4, 5, and 6, the KV cache of iterations 1, 2, and 3 are being offloaded
and that of iterations 7, 8, and 9 are being uploaded. Moreover, the memory communication
overhead of KV cache swapping is minimized since offloading and uploading are overlapped with
computation. A prefill iteration with input length L is compute-bound, which mainly involves a
[L,H] x [H, L] and a [L, L] x [L, H] matrix multiplication, taking 4L%H floating-point operations
(FLOPs). This would take % nanoseconds, where ¢ is the tera floating-point operations a
GPU can compute per second (TFLOPS). A decode iteration with x cached tokens is memory-
bound, which involves loading 4x H 4 4x + 2H bytes from GPU high bandwidth memory (HBM)
to GPU SRAM (Q, K, V, QKT /vVH, and softmax(QK” /v/H)), and writing 4z + 2H bytes
from GPU SRAM back to GPU HBM (QKT /v H, softmax(QK™ //H), and attention output).
This would take % nanoseconds, where BW is the bandwidth between GPU SRAM and
HBM in GB/s. In comparison, the KV cache per token is 4H bytes, so swapping the KV cache
of x tokens would take % nanoseconds, where bw is the bandwidth between GPU HBM and
host memory in GB/s, commonly PCle. For commonly used GPUs such as NVIDIA GeForce
RTX 4090 and NVIDIA A100, the cache swapping time is approximately equal to or slightly
larger than the execution time of a decode iteration, but much smaller than the execution time
of a prefill iteration. The more iterations that can be executed in parallel in the Attention layer,
the more likely a prefill iteration will exist, thus overlapping the KV cache swapping time and

minimizing the memory communication overhead.

4.2 Pipeline Bubbles

Challenge. Continuous batching [I3] eliminates pipeline bubbles caused by long requests block-
ing the return of short requests and the arrival of new requests. However, it does not distinguish

iterations in different phases and with different sequence lengths, still leaving bubbles in the At-
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Figure 8: The KV cache swapping pipeline for Figure . The numbers represent iterations from
different requests. The underlined iterations in the current KV cache represent those

whose KV cache are being evicted, and the rest are those whose KV cache are being
used by the current computations.

KV cache

tention computation pipeline. There are mainly two types of bubbles in current LLM serving

systems (Figure [Op):

e Type A: Bubbles caused by varying prefill lengths. The computation of the Attention
layer in prefill iterations have L equal to the input sequence lengths, mainly involving two
matrix multiplications [L, H] x [H, L] and [L, L] x [L, H], thus taking 4L?> H FLOPs. Hence,
different L values can have significant effect on the computation time in that the complexity

is quadratic, leaving bubbles in the execution pipeline.

e Type B: Bubbles caused by prefill iterations executed in parallel with decode iterations.
As is aforementioned, decode iterations has L = 1, thus performing [1, H] x [H,x] and
[1,z] x [z, H] matrix multiplications, taking 4x H FLOPs where z is the number of cached
tokens. Compared with 4L2H FLOPs in prefill iterations, the complexity is linear, thus
the computation time is much shorter, leading to pipeline bubbles. Note that different x
values between decode iterations can also cause bubbles, but it is less significant than the

aforementioned two types.

These pipeline bubbles are wasted computation resources and directly correspond to loss in serving

system throughput. Hence, the ultimate goal is to mitigate these pipeline bubbles.

Observation. Firstly, different from pre-Attention and post-Attention layers where iterations of
different requests are concatenated together for computation and the actual computation paral-
lelization is up to CUDA, the Attention layer executes different iterations in parallel, meaning
that a thread that completes its computation early can return immediately and start the compu-

tation of some other iteration, making it possible to pack multiple short iterations with a single
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Figure 9: The execution pipeline, being aware of varying exeuction time in the Attention layer
among different iterations, and ignoring pre-Attention and post-Attention layers for
simplicity. (a) The execution pipeline of current LLM serving systems. Dotted boxes
represent different types of pipeline bubbles. (b) The execution pipeline of FLUIDINFER.

long iteration to fill the bubbles. Secondly, since we override the KV cache limitation, there can
be many more iterations available for packing instead of having only B iterations available, where
B denotes the batch size. Hence, it is more likely to find a find iterations of different lengths to

construct a bubble-free pipeline.

Solution. FLUIDINFER packs multiple short iterations with a single long iteration to fill the
pipeline bubbles. When scheduling the iterations, it approximates the execution time of the
Attention layer for each iteration, and decides a pattern to fully mitigate the bubbles. In the
example of Figure [Ob, there are two prefill iterations with input sequence length L = 5, one prefill
iteration with input sequence length L = 2, and three decode iterations, i.e., L. = 1. By similar
computations when discussing KV cache swapping in FLUIDINFER can obtain an estimate of
their respective execution length. Then it will determine the execution pipeline greedily. It first
chooses the longest iterations, which are in this case, 1 and 4 and assigns them to two parallel
threads. Since there are no bubbles up till now, it will choose the next longest iteration, which is
2, and tries to assign it two the third thread. However, this lead to a Type A bubble, so it will
try to choose the longest iteration left that can fill the bubble but not exceed it. In this case,
we are left with 3, 5, and 6, which are all decode iterations (of approximately the same length),
so it will choose 3 in the first come first serve manner. Then, it repeats the step until there are
no iterations left, the bubble is filled, or all the iterations left cannot fill into the bubble while
not exceeding it. If the KV cache can hold more iterations from different requests in parallel, the
scheduling will return to choosing the longest iteration available and assigning it to a new thread.

[teratively, FLUIDINFER can achieve nearly optimal pipeline, mitigating nearly all bubbles.
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5 Implementation

FLUIDINFER is a distributed LLM inference system with an API frontend, a scheduler, a KV
cache manager, and a distributed execution engine. The API frontend is implemented with
Python, FastAPI, and uvicorn. It is designed to be compatible with the OpenAl API, and
implements a few popular HuggingFace transformer-based models such as the OPT series [3] and
the LLaMA series [2]. The scheduler and the KV cache manager are implemented also in Python,
equipped with the aforementioned techniques. The distributed execution engine is built on top of
vLLM [12] and written in C++/CUDA, which is still under development. This also involves some

implementation-level optimization such as fusing some kernels to adopt the proposed techniques.

6 Evaluation

In this section, I evaluate the performance of FLUIDINFER under a variety of workloads. Since
FLUIDINFER is not fully implemented, I alternatively implement a simulation system to serve the
evaluation purpose, which accurately computes the theoretical execution time of each step and
suspends the corresponding amount of time to simulate actual execution. Memory communica-

tion, compute resources, KV cache limit, and other overheads are all taken into account.

6.1 Experimental Setup

Models and configurations. T use the OPT series models [3| with 125M, 1.3B, and 6.7B pa-
rameters for evaluation. These sizes are chosen to cover a wide range of model sizes, from small
models that can be served on a single GPU to large models that require multiple GPUs. I also
simulate the following GPU setups: a single NVIDIA GeForce RTX 4090 GPU (24GB), four
NVIDIA GeForce RTX 4090 GPUs (96GB in total), and four NVIDIA A100 GPUs (160GB in

total).

Workloads. I synthesize workloads based on the ShareGPT dataset [23], which is a collection
of real-world ChatGPT conversations. For all the multi-round conversations, I only use the first
round, i.e., one query to ChatGPT and one response from ChatGPT. The distribution of the
ShareGPT dataset is shown in Figure I further tokenize the datasets with the tokenizers
of corresponding models, and filter out the requests that are longer than the maximum context

length supported by the model. To simulate real-world queries, I implement a producer-consumer
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Figure 10: The distribution of input and output sequence lengths of the ShareGPT dataset [23].

model where the consumer is FLUIDINFER and the producer sends requests based on a Poisson
process. In other words, each time the producer submits a request to the queue, it waits for a
certain amount of time according to an exponential distribution with the request rate (number of
requests per second) as the parameter. It is well-known that the interarrival time distribution of
a Poisson process is exactly the exponential distribution with the same parameter, and Poisson

processes can model random events distributed in time, i.e., users sending requests to the server.

Baselines. Orca [13], FastServe [I§], and vLLM [I2] are popular distributed serving systems
for LLM inference, with vLLM being the current state-of-the-art solution. With the KV cache
manager and the scheduler in the simulator, I can simulate the execution of these systems and

compare their performance with FLUIDINFER.

Key metrics. Throughput is the primary focus of FLUIDINFER. It measure the number of tokens
processed in a fixed amount of time. Latency is another critical metric in LLM inference serving
since LLMs are nowadays mainly used for interactive applications such as chatbots [T}, 2 [3] that
require real-time responses. This can be divided in two aspects: the normalized latency which
computes the average time required to generate a token, and the latency bound which represents
the maximum latency between two generated tokens of a same request. In particular, throughput
is essentially the same as normalized latency, in that tokens per unit time is the inverse of time
per token, so we consider only normalized latency. On the other hand, latency bound is useful

for guaranteeing bounded behavior in LLM inference serving, enhancing user experience.
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Figure 11: Normalized latency of FLUIDINFER and the baseline systems.

6.2 Normalized Latency

As is shown in Figure [TI] FLUIDINFER outperforms the baseline systems in terms of normalized
latency. In particular, FLUIDINFER achieves 2x to 4x throughput improvement over vLLM [I2],
and even more significant throughput improvement over Orca [I3] and FastServe [18]. This is
because FLUIDINFER overrides the KV cache limit and allows larger batch sizes, thus achieving
higher throughput. The advantage of FLUIDINFER becomes more significant as the model size

increases, because the KV cache limit becomes more severe in these cases.

6.3 Latency Bound

As is shown in Figure [I2] FLUIDINFER also outperforms the baseline systems in terms of latency
bound. In particular, FLUIDINFER achieves approximately 3x reduction in latency bound over
vLLM [12], and even more significant reduction over Orca [13] and FastServe [18]. This is be-
cause FLUIDINFER packs multiple iterations in the pipeline to minimize the pipeline bubbles,
thus achieving lower latency bound. The advantage of FLUIDINFER becomes more significant

as the model size increases, because the hidden size increases and the supported context length
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Figure 12: Latency bound of FLUIDINFER and the baseline systems.

is extended, leading to longer prefill iterations, more deviations in lengths, and larger pipeline

bubbles.

7 Conclusion

In this paper, I have presented FLUIDINFER, a novel distributed serving system for the inference
of large language models (LLMs) that can achieve higher throughput and lower latency than
existing systems. FLUIDINFER addresses two major challenges in LLM inference serving: the KV
cache limitation and the pipeline bubbles. To overcome the KV cache limitation, FLUIDINFER
abandons the notion of batch size and arbitrarily concatenates or splits requests in non-Attention
layers, while swapping KV cache between GPU and host memory to enable parallelized processing
at much larger scales. To minimize the pipeline bubbles, FLUIDINFER distinguishes iterations in
different phases and with different sequence lengths, and packs multiple iterations in the pipeline
to fill the gaps. FLUIDINFER is evaluated using a comprehensive simulator under a variety of

workloads, models, and configurations4. The results show that FLUIDINFER outperforms state-of-

22



the-art LLM serving systems by 2x to 4x improvement in throughput, and achieves approximately
3x lower latency bound5. FLUIDINFER is not fully implemented, but the simulation results

demonstrate its potential and feasibility.

Future work. There are several directions for future work:

e Finish the implementation of FLUIDINFER. The paper only implements a simulator to eval-
uate the performance of FLUIDINFER. It would be worthwhile to finish the implementation
of FLUIDINFER and compare its performance with the simulator to validate the simulation

results.

e Extending the evaluation. The paper only evaluates end-to-end performance, which might

not be sufficient to demonstrate the proficiency of each of the techniques it proposed.

e Evaluating FLUIDINFER on real-world LLM applications. The paper simulates the perfor-
mance of FLUIDINFER on synthetic workloads based on the ShareGPT dataset. However,
it would be more convincing to test FLUIDINFER on actual LLM applications such as chat-
bots, question answering systems, or coding assistants, and compare its efficiency and user

satisfaction with existing systems.

e Extending FLUIDINFER to support other LLM architectures. The paper focuses on the
transformer-based LLMs, which are the most popular and widely used LLMs nowadays.
However, there are also other LLM architectures such as recurrent neural networks (RNNs),
convolutional neural networks (CNNs), or sparse attention models , which may have dif-
ferent characteristics and challenges in serving. It would be interesting to explore how
FLUIDINFER can be adapted to these architectures and whether it can achieve similar or

better performance.

e Improving FLUIDINFER with more optimization techniques. The paper proposes two main
techniques to overcome the KV cache limitation and minimize the pipeline bubbles in
LLM inference serving. However, there may be other optimization techniques that can
further improve the efficiency and scalability of FLUIDINFER, such as model compression,
quantization, or pruning. It would be worthwhile to investigate how these techniques can

be integrated with FLUIDINFER and what trade-offs they may incur.
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