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ABSTRACT
To improve the efficiency of distributed large language model (LLM) inference, various parallelization strategies,
such as tensor and pipeline parallelism, have been proposed. However, the distinct computational characteristics
inherent in the two stages of LLM inference—prefilling and decoding—render a single static parallelization
strategy insufficient for the effective optimization of both stages. To address this challenge, in this work we
present Seesaw, an LLM inference engine optimized for throughput-oriented tasks. The key idea behind Seesaw is
dynamic model re-sharding, a technique that facilitates the dynamic reconfiguration of parallelization strategies
across stages, thereby maximizing throughput at both phases. To mitigate re-sharding overhead and optimize
computational efficiency, we employ tiered KV cache buffering and transition-minimizing scheduling. These
approaches work synergistically to reduce the overhead caused by frequent stage transitions while ensuring
maximum batching efficiency. Our evaluation demonstrates that Seesaw achieves a throughput increase of up
to 1.78→ (1.36→ on average) compared to vLLM, the most widely used state-of-the-art LLM inference engine,
particularly in scenarios with low-bandwidth interconnections.

1 INTRODUCTION

Large language models (LLMs), such as the LLaMA (Tou-
vron et al., 2023a) and GPT (Achiam et al., 2023) families,
have demonstrated exceptional performance across a wide
range of tasks. Beyond their prevalent use in interactive
applications like chatbots (OpenAI, 2024), LLMs are also
gaining high interest in throughput-oriented offline inference
workloads such as information extraction (Narayan et al.,
2022), database querying (Liu et al., 2024c), and knowledge
graph processing (Edge et al., 2024). Unlike interactive
applications where low latency is crucial, these offline in-
ference tasks prioritize high throughput over response time.
These offline inference workloads are widely adopted in
industry (Kamsetty et al., 2023; Yu et al., 2024; Dell Tech-
nologies, 2024; Chan et al.), leading MLPerf to develop
benchmarks specifically for them (MLCommons, 2024). In
this work, we focus on improving inference efficiency for
offline, throughput-oriented LLM inference workloads.

As LLMs often exceed the memory capacity of individual
GPUs, parallelization is essential for their deployment (Ben-
Nun & Hoefler, 2019; Shoeybi et al., 2019). Several paral-
lelization strategies, including tensor parallelism (Shoeybi
et al., 2019) and pipeline parallelism (Narayanan et al., 2019;
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Figure 1. Breakdown of execution time for the prefill and decode
stages for LLaMA2-13B inference on 8→L4 GPUs connected with
PCIe. Communication overhead increases with the degree of tensor
parallelism. (The global batch size is 16. Pipeline parallelism
further divides the data into micro-batches of size 16/PP to fully
utilize pipelining).

Huang et al., 2019), have been proposed, each presenting
distinct trade-offs in memory efficiency, inter-device com-
munication, and computational efficiency. Tensor paral-
lelism distributes model weights across devices but suffers
from high communication costs due to frequent all-reduce
operations at each layer (Pope et al., 2023; Chang et al.,
2024). The communication cost becomes particularly severe
in systems connected via PCIe (Dell Technologies, 2023) or
with partial high-speed connections (NVIDIA Corporation,
2020). In contrast, pipeline parallelism partitions the model
into sequential stages, reducing inter-device communica-
tion by passing only activations between them. However,
to enable pipelining, each data batch needs to be divided
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into micro-batches, leading to extra execution overheads,
since every micro-batch repeatedly loads weights into the
compute units (see Section 3.1 for details).

While numerous studies have proposed methods to optimize
parallelization strategies for LLMs (Miao et al., 2023; Kwon
et al., 2023; Li et al., 2023; Pope et al., 2023; Zhu et al.,
2025), prior works typically rely on a single, static configura-
tion throughout the entire generation process. However, our
findings indicate that this one-size-fits-all approach is often
inefficient for throughput-oriented LLM inference because
it fails to leverage the distinct patterns between the two
stages in LLM generation: the prefill stage, where the input
sequence is processed at once to produce the initial token,
and the decode stage, where subsequent tokens are gener-
ated sequentially based on prior tokens. These two stages
exhibit fundamentally different computational characteris-
tics (Yuan et al., 2024). During the prefill stage, multiple
tokens from the input prompt are processed simultaneously,
making computation and communication the dominant con-
tributors to runtime. In contrast, the decode stage processes
one token at a time for each sequence, increasing the per-
centage of time spent on weight transfer. This difference
indicates that the optimal parallelization strategy for each
stage may also vary.

To illustrate the performance limitations of applying a uni-
form parallelization strategy for both prefill and decode,
we measure the execution time of each stage under various
combinations of tensor and pipeline parallelism, as shown
in Figure 1. In the prefill stage, as the degree of tensor par-
allelism increases, the communication overhead increases
significantly due to additional GPUs participating in all-
reduce operations. As a result, tensor parallelism performs
significantly worse than pipeline parallelism. In contrast,
during the decode stage, pipeline parallelism is slower than
tensor parallelism, largely due to increased weight trans-
ferring overhead caused by micro-batching required for
pipelining (see Section 3.1 for more details). Therefore,
we need stage-specific parallelization strategies to provide
better LLM inference throughput.

An existing approach is disaggregated prefill-decode (Zhong
et al., 2024; Qin et al., 2024), which assigns prefill and de-
code computation to different GPU instances. The prefill
instances and decode instances form a two-stage pipeline
to serve inference requests. Therefore, the overall through-
put of disaggregated prefill-decode is constrained by the
slower of the two stages, and balancing throughput between
these two stages is essential. The key drawback of disag-
gregated prefill-decode is that it can cause large amounts of
pipeline bubbles under resource-constrained environments.
For example, when deploying a 70B model on 8→40GB
GPUs, even the most balanced configuration results in a
6→ difference in throughput between the prefill and decode
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Figure 2. Different scheduling policies considering transition over-
head. Decoding throughput is positively correlated with the num-
ber of sequences in GPU memory (the maximal batch size), which
is highlighted as light green area.

stages. In this setup, the decode stage operates at one-sixth
the throughput of the prefill stage, resulting in a significant
bottleneck at the decode stage that slows down the entire
system (see Section 3.2 for details).

To address these challenges, we present Seesaw, a high-
throughput LLM inference engine that dynamically recon-
figures parallelization strategies between the prefill and de-
code stages. The key idea behind Seesaw is model re-
sharding, a novel technique that dynamically re-partitions
model weights and KV cache between prefill and decode
stages. By tailoring parallelization strategies to the dis-
tinct computational demands of each stage, Seesaw reduces
communication overhead during the prefill stage, while en-
hancing memory efficiency in the decode stage, resulting in
a substantial increase in overall throughput.

However, the overhead associated with model re-sharding
can be high due to frequent transitions between prefill and
decode. To maximize throughput, existing systems typi-
cally adopt prefill-prioritized scheduling (Yu et al., 2022;
Kwon et al., 2023), which interleaves prefill and decode
stages across batches to achieve continuous batching. Yet,
as illustrated in Figure 2(a), integrating this approach with
model re-sharding can result in significant overhead due
to frequent transitions between prefill and decode. On the
other hand, decode-prioritized scheduling (NVIDIA, 2024a)
completes all decode steps for a batch before proceeding to
the next, resulting in lower re-sharding overhead. However,
as depicted in Figure 2(b), this method suffers from low
resource utilization due to smaller batch sizes.

To overcome this constraint and achieve both minimal
re-sharding overhead and large batch size, we propose
two synergetic techniques: tiered KV cache buffering
and transition-minimizing scheduling. Tiered KV cache
buffering leverages CPU memory as auxiliary storage for
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the KV cache, enabling Seesaw to process a larger num-
ber of prefill requests. Transition-minimizing scheduling
reduces re-sharding overhead by minimizing the number
of transitions to the decode stage. Seesaw transitions from
prefill to decode only after the CPU KV cache is full. As
depicted in Figure 2(c), this approach maintains the maxi-
mal batch size during the decode stage, while significantly
reducing the frequency of stage transitions, thereby mini-
mizing re-sharding overhead. Additionally, to mitigate the
overhead of KV cache transfers between CPU and GPU,
Seesaw employs asynchronous pipelining to overlap data
transfers with computation.

In summary, we make the following contributions.

• We identify and quantitatively analyze the different pref-
erences for parallelisms in the prefill and decode stages of
throughput-oriented LLM inference tasks. Our analysis
comprehensively accounts for data movement, computa-
tion, and communication costs.

• We propose dynamic model re-sharding, a novel technique
that dynamically reconfigures the parallelization strategies
for prefill and decode stages. We address the challenge of
transition overhead in model re-sharding with continuous
batching by introducing tiered KV cache buffering and
transition-minimizing scheduling. Based on these tech-
niques, we implement Seesaw, a high-throughput offline
inference system that optimizes parallelization strategies
for each LLM inference stage.

• We conduct a comprehensive evaluation of Seesaw across
a variety of workloads and hardware configurations. Our
results show Seesaw achieves an average speedup of
1.36→ and a throughput improvement of up to 1.78→
compared to the state-of-the-art LLM inference engines.

2 BACKGROUND

2.1 LLM Inference

Transformer Architecture. Modern large language mod-
els are based on the transformer architecture (Vaswani et al.,
2017), which typically consists of multiple identical decoder
layers (OpenAI, 2024). Each layer includes several linear
layers and an attention layer. The weights of the linear
layers account for the majority of the model’s parameters.

Auto-regressive Generation. LLM inference follows an
auto-regressive paradigm (Bengio et al., 2000), which takes
an input prompt and generates a sequence of output tokens.
This process is divided into two stages: prefilling, which
processes the input tokens, and decoding, which generates a
token per step. These stages exhibit distinct computational
properties (Zhong et al., 2024; Yuan et al., 2024). Prefill-
ing processes the prompts that are typically hundreds to

thousands of tokens long. The computation and communi-
cation costs, both of which scale with the number of tokens,
dominate the runtime during this stage. Since the cost of
loading weights is amortized over a larger set of tokens, the
overall performance is primarily bound by compute and/or
communication. In contrast, Decoding processes only the
newly generated tokens in each auto-regressive step and has
comparatively smaller computation in each step. Therefore
the cost for loading the weight data from off-chip memory
to computation units has a relatively higher percentage.

Moreover, in each generation step, the intermediate tensors
K and V in each attention operator can be cached for future
reuse, which is called Key-value cache (KV cache) (Pope
et al., 2023). While being able to accelerate computation, it
occupies a substantial amount of GPU memory proportional
to the total number of tokens.

2.2 LLM Inference Optimization

Parallelism. As the size of LLMs grows, the memory
capacity on a single GPU becomes insufficient. Conse-
quently, various techniques are developed to partition mod-
els onto multiple GPUs (Zheng et al., 2022). These paral-
lelization strategies can be classified as (1) inter-operator,
which places different operators or layers across multiple
GPUs, overlapping them with pipelining (known as Pipeline
parallelism, PP) (Huang et al., 2019; Narayanan et al., 2019;
Li et al., 2023), and (2) intra-operator, which partitions
different dimensions of tensors involved in computation,
including data parallelism (Srivatsa et al., 2024), tensor
parallelism (Shoeybi et al., 2019), etc. Data parallelism du-
plicates models on different devices and dispatches requests
among them. Tensor parallelism shards model weights and
each device performs a portion of the computation, then
aggregates these partial results to produce the final output.

Batching. Batching more tokens in a single forward pass
increases inference efficiency by, for example, amortizing
the time required to load model weights (Sheng et al., 2023;
Fang et al., 2021). However, its effectiveness differs be-
tween the prefilling and decoding stages (Yuan et al., 2024;
He & Zhai, 2024; Agrawal et al., 2023). In decoding, where
weight-loading overhead occupies a larger portion of the
runtime, batching significantly boosts throughput by effec-
tively amortizing this overhead. Conversely, in the prefilling
stage, batching has a less pronounced impact since the to-
ken count in input prompts is generally sufficient to keep
the process compute-bound. Furthermore, optimal batching
strategies need to take in consideration other factors such as
speculative decoding (Su et al., 2023; Liu et al., 2024d) and
prefix sharing (Pan et al., 2024a; Liu et al., 2024b). Overall,
larger batch sizes yield higher throughput, though the maxi-
mum batch size is limited by available GPU memory, as it
requires additional space for activations and the KV cache.
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Figure 3. Different effects of tensor and pipeline parallelisms on prefilling and decoding. Tensor parallelism incurs all-reduce overhead,
which has a higher percentage in prefilling, therefore pipeline parallelism is better for prefilling. Conversely, pipeline parallelism splits
batches into smaller micro-batches, which leads to more forward passes and repetitive loading weights, which is insufficient in decoding.

Continuous Batching and Scheduling. Continuous
batching is an essential optimization for throughput-oriented
LLM inference (Yu et al., 2022; Kwon et al., 2023). By
batching multiple sequences at the token level, it allows the
system to onboard new sequences and clear the KV cache of
completed sequences at any generation step. This approach
enables prefill-prioritizing scheduling, which removes se-
quences as they finish, frees up their KV cache, and eagerly
schedules the prefilling of new sequences whenever GPU
memory becomes available. This strategy maximizes the
number of concurrent sequences being processed, resulting
in higher throughput. Another alternative is to use decode-
prioritizing scheduling, which minimizes the frequency of
transitions. Instead of scheduling to prefilling eagerly, this
approach waits until all sequences in a batch have finished
decoding before initiating the next round of prefilling. How-
ever, this scheduling policy results in suboptimal decoding
throughput (Agrawal et al., 2024).

3 MOTIVATION AND ANALYSIS

In this section, we provide an in-depth analysis of two key
observations we identify from Figure 1 in Section 1: (1)
Tensor parallelism often exhibits significantly worse per-
formance than pipeline parallelism during the prefill stage
due to its substantial communication overhead; (2) Pipeline
parallelism tends to fall short in the decode stage owing to
the considerable weight loading overhead it incurs. We then
argue that a dynamic parallelization strategy is essential to
attain optimal performance across both stages.

Given the importance of batching in throughput-oriented
tasks, it can be useful to consider how different paralleliza-
tion strategies impact the maximum batch size, rather than
assuming batch size as a tunable parameter, as is often done
in online-serving contexts such as DistServe (Zhong et al.,
2024) and Sarathi-serve (Agrawal et al., 2024).

3.1 Parallelism Analysis

Observation 1: Tensor parallelism incurs substantial
communication overhead during the prefill stage, espe-
cially in environments with low-bandwidth interconnec-
tions. In Tensor parallelism, each device performs a part
of computation and aggregates the partial result. The activa-
tions at each layer are synchronized across all GPUs using
all-reduce operations. The overhead associated with this
operation can be quantified as:

#tokens → activation size
all-reduce bandwidth

,

where all-reduce bandwidth refers to the rate of data transfer
during all-reduce operations, calculated as the size of the
tensor being all-reduced divided by the all-reduce runtime.

As the degree of tensor parallelism increases, the proportion
of execution time of all-reduce operations grows substan-
tially. This growth is attributed to two main factors. First,
while model weights are partitioned, activations in tensor
parallelism remain fully replicated across GPUs, leading to
a constant activation size regardless of the degree of tensor
parallelism. Second, all-reduce bandwidth decreases as the
number of GPUs grows, due to more complex communi-
cation schemes. Therefore, increasing the degree of tensor
parallelism not only fails to reduce the traffic of all-reduce
operations but further limits the communication bandwidth,
resulting in escalated communication overhead. This is-
sue is particularly pronounced in the prefill stage, where a
large number of tokens are processed simultaneously, mak-
ing communication overhead the primary bottleneck. Thus,
tensor parallelism tends to perform worse than pipeline par-
allelism due to its large communication overhead.

Observation 2: Pipeline parallelism suffers from signifi-
cant weight transferring overhead in the decode stage.
Pipeline parallelism distributes model layers sequentially
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across devices, with each device responsible for processing
a set of consecutive layers before passing the output to the
next device. Due to the auto-regressive nature of LLM infer-
ence, a sequence cannot enter the pipeline until its preceding
token is generated. As a result, at any given time step, a
sequence can appear in only one stage of the pipeline, mak-
ing the batches processed by each device mutually exclusive.
However, the total number of sequences that the pipeline
can handle at a time, referred to as the global batch size,
is constrained by the size of KV cache. Given the mutual
exclusion of batches at each device, pipeline parallelism can
process only approximately 1/PP of the global batch per
forward pass. We denote this reduced batch size in pipeline
parallelism as the micro-batch size.

Dividing batches into micro-batches increases the number
of LLM forward passes required to process the same amount
of requests. Specifically, a pipeline parallelism degree of
PP necessitates PP times more forward passes for a given
global batch. This repeated execution degrades inference
performance, as model weight matrices must be loaded from
global memory repeatedly. This inefficiency is especially
significant in the decode stage, where weight-loading over-
head accounts for a substantial portion of total execution
time. As a result, pipeline parallelism generally underper-
forms relative to tensor parallelism in the decode stage due
to the amplified weight loading overhead.

Discussion on Data Parallelism. Unlike tensor and pipeline
parallelism, which distribute the model across devices, data
parallelism distributes the data while duplicating the model.
While data parallelism has minimal communication over-
head, it has two key disadvantages: (1) the volume of weight
transferring is higher by the number of duplicates compared
to tensor parallelism; and (2) it occupies more GPU mem-
ory, reducing the available space for the KV cache and thus
limiting the maximum batch size resulting in lower through-
put. Data parallelism can be applied orthogonally alongside
both tensor and pipeline parallelism. We do not dynami-
cally adjust data parallelism, which will be explained in
Section 4.1.

Conclusion: No one-size-fits-all When comparing these
three parallelism strategies for high-throughput LLM infer-
ence, a key observation is that prefilling and decoding stages
benefit from different parallelism approaches. This differ-
ence arises from the distinct characteristics of each stage, as
illustrated in Figure 3. Tensor parallelism is preferred for
decoding due to its ability to efficiently accelerate weight
matrix loading. However, it incurs significant communica-
tion overhead, as it requires all-reduce operations at each
layer. In contrast, pipeline and data parallelism have much
lower communication overhead, making them preferable for
prefilling. However, their decoding throughput is limited by
inefficient batching and additional weight-loading overhead.

GPU0 GPU1

GPU2 GPU3

GPU4 GPU5

GPU6 GPU7

prefill worker decode workerprefill
throughput

decode
throughput

Figure 4. An example of spatially disaggregating prefilling and
decoding has a restricted search space. Deploying a 70B model on
eight 40GiB GPUs allows only one disaggregation strategy: four
GPUs for prefilling and four for decoding. However, this causes
severe throughput mismatch between the two stages.

To quantitatively analyze the trade-offs across different par-
allelisms, we model the average runtime per sequence (the
inverse of throughput) as follows. Derivations and further
details are provided in the Appendix.

T ↑ T
linear
dm

TP
+

T
attn
dm + Tcomp

DP · TP · PP
+

Tcomm(TP)
PP · DP

Here T
linear
dm represents data movement for linear layers (pri-

marily model weights), T attn
dm represents data movement for

attention layers (primarily KV cache) , Tcomp represents
computation time, Tcomm represents communication time.
Note that Tcomm is a monotonically increasing function
with respect to TP, as all-reduce operations require more
time as TP increases.

Tensor parallelism can effectively accelerate loading model
weights, which is T linear

dm , while pipeline and data parallelism
cannot. On the other hand, pipeline and data parallelism
effectively reduce the overhead of communication, while
tensor parallelism contrarily increases the communication
overhead. In prefilling, T linear

dm is negligible, and Tcomm be-
comes larger, so pipeline and data parallelisms are more
preferred, while in decoding, T linear

dm occupies a larger pro-
portion so tensor parallelism is more advantageous.

3.2 Why not Disaggregate Prefilling and Decoding?

Spatially disaggregating prefilling and decoding with sepa-
rate hardware resources, as done in online serving systems
such as DistServe (Zhong et al., 2024) and MoonCake (Qin
et al., 2024), is one approach to separately select paralleliza-
tion strategies for prefilling and decoding. Sequences are
first processed by the devices dedicated for prefilling before
being transferred to decoding devices.

However, there are two obstacles when applying prefill-
decode disaggregation to purely throughput-oriented sce-
narios. First, since the overall throughput is bound by
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Figure 5. Model weights and KV cache need to be re-sharded when
switching between different parallelism.

the slower stage, the throughput of prefilling and decod-
ing needs to be matched by adjusting the devices allocated
for each stage. However, it can be impractical in resource-
constrained scenarios. As shown in Figure 4, to deploy
a 70B model (which takes 140GiB memory for model
weights) on eight 40GiB GPUs, there is only one disag-
gregation strategy, that is four GPUs for prefilling and four
for decoding (At least four GPUs collectively providing 160
GiB memory are needed to fit the model weights). However,
it causes severe throughput mismatch where prefilling has
more than 6→ higher throughput than decoding. Second,
disaggregation duplicates the model weights similarly to
data parallelism, bringing similar drawbacks, such as lim-
ited KV cache space and increased weight transfer. As a
result, decoding throughput with four GPUs is only 15% of
that with eight GPUs.

In conclusion, although disaggregation allows selecting dif-
ferent parallelization strategies for each stage, the through-
put mismatch (Jin et al., 2024a) between stages and limited
resources can lead to suboptimal performance. This calls
for a method that offers flexibility in parallelization while
maximizing hardware resource utilization.

4 SEESAW: KEY IDEAS

4.1 Dynamic Model Re-sharding

Observing that prefilling and decoding have distinct pref-
erences for parallelism, we propose a technique called dy-
namic model re-sharding. This technique enables the se-
lection of different parallelism strategies for each stage and
automatically transitions between them. This approach ex-
pands the configuration space, allowing for separate opti-
mization of the two stages, potentially improving overall
throughput compared to using a single configuration. In the
following paragraphs, we denote the parallelization strategy
used in prefilling as cp and that in decoding as cd.

To support transitions between different parallelization con-
figurations, the cluster must rearrange the data stored on
each device to align with the new parallelism which involves
both model weights and KV cache, as illustrated in Figure 5.
In Seesaw, model weights are re-sharded by reloading the re-
quired shards from CPU memory, and KV cache re-sharding

asynchronous 
swap in

CPU GPUs

prefill

CPU GPUs

CPU memory is 
empty

CPU GPUs

decoding

CPU GPUs

CPU memory is
filled

CPU GPUs

prefill
(warm up)

Figure 6. Tiered KV cache buffering and transition-minimizing
scheduling, and the change of KV cache occupancy.
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Figure 7. KV cache re-sharding is completed during swapping,
leveraging CPU shared memory.

is performed through CPU shared memory.

The inter-device movement of tensors incurs overhead. To
mitigate this re-sharding cost, we design an asynchronous
pipeline to overlap data transfer with computation, as de-
tailed in Section 5.2.

Discussion on data parallelism. Unlike switching be-
tween tensor and pipeline parallelism, adjusting the degree
of data parallelism alters the proportion of GPU memory al-
located to model weights versus KV cache. This adjustment
increases system complexity or necessitates additional data
movement between the CPU and GPU. Therefore, we only
dynamically adjust tensor and pipeline parallelism.

4.2 Tiered KV Cache Buffering and
Transition-minimizing Scheduling

Challenge: Transition Overhead. In practice, dynamic
model resharding encounters an obstacle of transition
overhead, which is amplified by the widely-used contin-
uous batching and prefill-prioritizing scheduling. Prefill-
prioritizing scheduling eagerly schedules new prefilling
tasks, causing frequent transitions between the two stages.
As a result, directly applying model re-sharding with this in-
terleaved prefill-decode scheduling policy would introduce
significant re-sharding overhead. On the other hand, decode-
prioritizing scheduling minimizes the frequency of transi-
tions but results in suboptimal decoding throughput. Other
compromise solutions involve setting a threshold-based ap-
proach for managing the prefill-decode transition (Cheng
et al., 2024). However, they still involve a trade-off be-
tween reducing transition overhead and maximizing decod-
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ing throughput.

To address this problem, we propose 1) tiered KV cache
buffering, which leverages CPU memory offloading 2)
transition-minimizing scheduling policy. These two syn-
ergistic techniques prevent frequent stage transitions and
maintain a high decoding throughput.

Tiered KV cache buffering uses CPU memory as auxiliary
storage for the KV cache, enabling the pre-computation
of a large batch of prefilling consecutively. During the
prefill stage, the generated KV cache is offloaded to CPU
KV cache storage, freeing it from the limitations of GPU
memory space. During decoding, continuous batching runs
as normal, except that new sequences are on-boarded by
swapping in its KV cache from the CPU memory.

Transition-minimizing scheduling controls the transition
to only happen when the CPU KV storage is either full
or empty. During prefill, once the CPU KV cache storage
is fully utilized, re-sharding is triggered, and the cluster
transitions to decoding. During decoding, GPUs continue
processing requests and loading KV cache from CPU mem-
ory, keeping GPU KV cache fully utilized for high decod-
ing throughput. When the entire CPU KV cache has been
transferred to GPU memory, the cluster switches back to
prefilling. The whole process is illustrated in Figure 6.

KV cache re-sharding occurs throughout this process. As
illustrated in Figure 7, in a multi-GPU setup, the CPU KV
cache storage is shared among all GPUs. During swap-out,
each GPU pushes its shard (based on cp) of the generated
KV cache to the shared CPU storage, where these shards
collectively form the complete KV cache. During swap-
in, each GPU retrieves its required KV shard (based on
cd) from the shared storage. We implement the shared KV
cache using shared memory of the operating system.

5 SYSTEM DESIGN AND IMPLEMENTATION

5.1 Scheduler-worker Architecture

In order to support dynamically switching parallelization
configurations for prefilling and decoding, we build Seesaw,
a new LLM inference engine designed for high-throughput
LLM inference. The overall architecture of Seesaw fol-
lows a single-scheduler, multi-worker design. The sched-
uler manages all generation requests, organizes them into
batches, and sends instructions to the workers. To fully
utilize pipelining, each decoding step processes 1/PP of the
sequences in GPU KV storage. Once a batch is formed, it is
sent to workers through shared queues. Each worker is re-
sponsible for controlling a single GPU and maintains a task
queue to receive and execute instructions sequentially. This
architecture facilitates the implementation of asynchronous
features, such as pipeline parallelism and the asynchronous

pipeline for tiered KV cache buffering.

5.2 Asynchronous Pipeline

While re-sharding and tiered KV cache buffering offer sub-
stantial benefits, they also introduce new overhead related
to moving model weights and KV cache. The overhead of
reloading model weights remains constant relative to batch
size, allowing it to be amortized with larger batches. In con-
trast, swapping the KV cache incurs overhead proportional
to batch size, making it harder to amortize. Fortunately,
these overheads can be mitigated through computation-
communication overlap. We implement an asynchronous
pipeline to overlap KV cache transfer with ongoing compu-
tation, as illustrated in Figure 8.

Overlap swap-out with computation. The KV cache gen-
erated during the prefilling stage is not used until decoding
begins, allowing the KV cache swap-out to overlap with
other computations during prefilling. Although CPU-GPU
data transfer is relatively slow due to PCIe bandwidth limi-
tations, it can still be overlapped with computation, given
the high FLOPS involved in prefilling.

In practice, CPU-GPU data transfer can only overlap with
computation when using pinned memory, but shared mem-
ory cannot be pinned (AlbanD, 2023). To address this, we
split the transfer into two stages: GPU to pinned memory
(overlapped with computation) and then pinned to shared
memory, which is a host-side operation that also runs con-
currently with GPU kernels.

Asynchronous swap-in. We implement swap-in using a
background thread called the prefetcher on each worker, op-
erating in a fully asynchronous paradigm. The prefetcher is
controlled directly by the scheduler and runs independently
of the main thread, whether the main thread is handling pre-
filling or decoding. In each iteration, the scheduler creates
new prefetching tasks when there are free slots in the GPU
KV store. Once the prefetcher completes moving the KV
cache for certain sequences, it notifies the scheduler via a
shared queue, allowing those sequences to be scheduled for
decoding tasks later.

Swap-in can also be well overlapped if the data movement is
faster than the speed of the GPU KV cache being consumed.
In practice, as long as the output length is not too short, the
swap-in can also be well overlapped.

Bandwidth-aware KV cache layout. The data layout of
the KV cache significantly impacts the bandwidth efficiency
of data movement. There are two common layouts for stor-
ing KV cache: (seq len, num heads, head dim) (NHD) and
(num heads, seq len, head dim) (HND). NHD is less opti-
mal for memory access because tensor parallelism shards
the KV cache along the H dimension (number of heads),
which is the second-to-last dimension, leading to more non-
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Figure 8. Async pipeline of Seesaw: Swap-in overlaps with prefill
computation, while swap-out occurs in a separate asynchronous
prefetcher thread.

contiguous memory access. Therefore, we use the HND
layout for storing the KV cache in CPU memory.

6 EVALUATION

In this section, we evaluate the performance of Seesaw under
a variety of hardware configurations and workloads.

6.1 Experiment Settings

Hardware. We use three types of GPUs: NVIDIA A10,
L4, and A100. The A10 and L4 are deployed on AWS EC2
instances (g5.48xlarge and g6.48xlarge (Amazon
Web Services, 2024)), and the A100 is used on GCP (Google
Cloud, 2024). GPU specifications are listed in Table 1. The
PCIe connection for each GPU is PCIe 4.0 8→, providing 16
GiB/s bandwidth (PCI-SIG, 2017), while NVLink (NVIDIA
Corporation, 2024) offers a bandwidth of 600 GiB/s. Addi-
tionally, we allocate 80 GiB of CPU memory per GPU.

Model. We use three different LLMs with different
sizes: (1) a 15B variety of LLaMA3 (Elinas, 2024); (2)
CodeLLaMA-34B (Roziere et al., 2023); (3) LLaMA2-
70B (Touvron et al., 2023b). They all use Grouped Query
Attention (GQA) (Ainslie et al., 2023). For brevity, we refer
to them as 15B, 34B, and 70B, respectively, in the following
sections. We use float16 as the data type.

Workload. We use two different datasets in our eval-
uation, namely sharegpt (ShareGPT, 2023) and
arxiv-summarization (Cohan et al., 2018). They
correspond to two different distributions of work-
load. sharegpt is a dataset of chatting history, so
its input and output have comparable lengths, while
arxiv-summarization dataset is a summarization
dataset where inputs are much longer than outputs. The
characteristics of these two datasets are shown in Figure 9.
We sample 2000 requests from the sharegpt dataset and
500 requests from arxiv-summarization. Addition-
ally, we evaluate constant-length workloads in Section 6.5.
Since Seesaw is purely throughput-oriented, we measure
the end-to-end throughput as our primary metric.

Table 1. GPU hardware specification

GPU Model Memory Size Memory
Bandwidth FLOPS NVLink

A10 24 GiB 600 GiB/s 125T ✁
L4 24 GiB 300 GiB/s 121T ✁

A100 40 GiB 1,555 GiB/s 312T ✂

(a) arxiv-summarization (b) ShareGPT

Figure 9. Input and output length distributions of the datasets

Baselines. We use vLLM 0.5.4 (Kwon et al., 2023) as
the baseline. It is the most widely used open-source LLM
serving engine with wide support for different parallelisms.
We also directly use the vLLM’s model implementation for
a straightforward comparison. SGLang (Zheng et al., 2023)
and DeepSpeed-FastGen (Holmes et al., 2024) do not sup-
port pipeline parallelism. TensorRT-LLM (NVIDIA, 2024b)
is not included in the comparison because it uses a simi-
lar scheduling policy as vLLM, and vLLM demonstrates
comparable performance (vLLM Team, 2024) in throughput-
oriented tasks. The techniques proposed in Seesaw can also
be applied to modifying TensorRT-LLM.

Chunked Prefill. We enable chunked prefill and tune the
chunk size for vLLM to get the optimal throughput, follow-
ing the practice of Sarathi-serve (Agrawal et al., 2024). Oth-
erwise, suboptimal chunk sizes would cause severe through-
put degradation.

6.2 End-to-end Throughput on PCIe Systems

First, we measure the end-to-end throughput of Seesaw. We
sweep over all available single parallelism configurations
for vLLM and show the result of the best configuration. We
use four GPUs for the 15B model, and eight GPUs for the
34B and 70B models. The result is shown in Figure 10, with
the used parallelism labeled above each bar.

On A10, compared with the highest single parallelism base-
line, Seesaw achieves a geometrically average speedup of
1.45→, with up to 1.78→ speedup. On L4, Seesaw achieves
a geometrically average speedup of 1.29→, with up to 1.52→
speedup. The overall average speedup is 1.36→. The
speedup is more significant on A10, because A10 has better
single GPU performance than L4, while they have similar
PCIe inter-connection bandwidth, causing a higher percent-
age of communication overhead.
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(a) End-to-end Throughput on A10

(b) End-to-end Throughput on L4

Figure 10. End-to-end throughput comparison on PCIe systems.
The used parallelization strategies are labelled above each bar.
Labels such as “P4 ↑ D4” represent the parallelization strategies
for prefilling and decoding respectively in Seesaw.

Figure 11. Throughput comparison on A100.

6.3 Speedup Breakdown: An Example

Runtime Breakdown Figure 12 illustrates how Seesaw
merges the advantages of different parallelisms. Us-
ing CodeLLaMA34B on the arxiv-summarization
dataset with four A10 GPUs as an example, we measured
the runtime of each stage. TP4 is optimal for decoding but
significantly slower for prefilling, while PP4 excels at pre-
filling but is slower during decoding. Seesaw uses a mixed
parallelism strategy, applying PP4 for prefilling and TP4
for decoding, achieving performance comparable to the best
configuration for each stage.

Compare with Chunked Prefill Compared to the optimal
single parallelism configuration (TP2PP2) with chunked
prefill, Seesaw achieves higher performance for two reasons:
(1) chunked prefill does not piggy-back all decoding steps,
leaving some purely decoding steps, and (2) chunked prefill
with TP2PP2 is slower than prefilling with PP4. Considering
other parallelization strategies with chunked prefill, PP4 is
inefficient for purely decoding steps, while TP4 suffers from
substantial communication overhead.

6.4 End-to-end Throughput on A100

Speedup on A100 + NVLink The NVLink interconnec-
tion across A100 GPUs significantly reduces the all-reduce
overhead and further scales tensor parallelism. Tensor par-
allelism alone typically suffices to achieve optimal perfor-

Figure 12. Speedup breakdown. “mix” represents batches contain-
ing both prefilling and decoding when chunked prefill is enabled.
We disable chunked prefill for TP4 and PP4 in order to show the
reference prefilling and decoding time. TP2PP2 with chunked
prefill is the optimal parallelism for vLLM.

mance with up to four GPUs. Nevertheless, there is still a
noticeable percentage of all-reduce overhead in prefilling
when tensor parallelism scales beyond four GPUs. Seesaw
can still provide speedup in this case. As shown in Fig-
ure 11, Seesaw still achieves a 13% throughput increase
over vLLM for the sharegpt dataset on LLaMA3-70B
on eight A100s.

Speedup on A100 + PCIe Besides A100 SXM with
NVLink inter-connection, there is also another version of
A100 that is inter-connected with PCIe links, where Seesaw
can achieve noticeable speedup. As shown in Figure 11, See-
saw provides 46% speedup on arxiv-summarization
and 30% speedup on sharegpt. Seesaw brings the per-
formance of the A100 PCIe version much closer to the per-
formance level of the NVLink version. vLLM gets roughly
60% throughput on A100 PCIe compared with A100 SXM,
while Seesaw boosts it up to 82% – 89%.

6.5 Sensitivity Study

Ratio between Input and Output Length The speedup of
Seesaw depends on the ratio between the input and output
length, or P : D. Model re-sharding has the opportunity
to provide speedup when prefilling and decoding have bal-
anced time. To investigate to what extent model re-sharding
would be effective, we measure the throughput of various
parallelization strategies on synthesized datasets with uni-
form lengths and different P : D ratios. We fix the input
length to 3000 tokens and vary the output length.

As shown in Figure 13, PP8 achieves the highest throughput
during prefilling, while TP4PP2 excels in decoding. When
the output length equals one (prefilling only), Seesaw and
PP8 show similar throughput, and TP4PP2 performs worse
due to high communication overhead. As output length
increases, the inefficiency of PP in decoding outweighs its
advantage in prefilling, causing PP8’s throughput to drop
rapidly. There is a range where TP2PP4 becomes optimal be-
fore decoding dominates the runtime and TP4PP2 takes over
as the fastest. Nonetheless, Seesaw consistently outperforms



Seesaw: High-throughput LLM Inference via Model Re-sharding

Figure 13. Throughput of various parallelization strategies with
different ratios between output and input lengths (D : P ), mea-
sured on 70B model and eight A10 GPUs.

Figure 14. Projected throughput of various parallelization strate-
gies with different inter-connection bandwidth, measured and
traced on 34B model and eight A10 GPUs.

other strategies across all input-output length ratios. In real
scenarios with variable input and output lengths, Seesaw is
even more advantageous due to its adaptive capabilities.

Inter-connection Bandwidth The effectiveness of Seesaw
also depends on the inter-connection bandwidth. We in-
vestigate this by measuring the runtime and tracing all-
reduce operations of running arxiv-summarization
and 34B model on eight A10s. We then mutate the all-
reduce time to project the end-to-end throughput with dif-
ferent inter-connection bandwidths. As shown in Figure 14,
when the inter-connection bandwidth is slow (for example,
among geographically distributed devices (Borzunov et al.,
2022)), pipeline parallelism is optimal; when the bandwidth
is very high, tensor parallelism is optimal. The through-
put of Seesaw is superior to fixed parallelization strategies
on a wide range from 0.1→ to 50→ of PCIe bandwidth.
Our findings indicate that Seesaw primarily is suited for
resource-constrained deployments, especially those with rel-
atively slower interconnections, such as clusters consisting
of commodity-grade GPUs.

7 RELATED WORK

7.1 Heterogenity between Prefilling and Decoding

Due to the different computational characteristics between
prefilling and decoding leading to under-utilization of hard-
ware resources, prior research has investigated two direc-
tions to address this problem, namely disaggregating or
merging the two stages. Disaggregation places prefilling
and decoding onto different devices to avoid their interfer-
ence while merging processes prefilling and decoding in
one batch.

Disaggregate Prefill and Decoding DistServe (Zhong
et al., 2024) proposed placing prefilling and decoding on
different devices to prevent interference and leverage differ-
ent characteristics of the two stages. Mooncake (Qin et al.,
2024) uses a similar approach via a distributed KV cache
pool. P/D-Serve (Jin et al., 2024b) uses the device-to-device
network to transfer the KV cache between prefill and decode
devices. Splitwise (Patel et al., 2024) proposes using dif-
ferent GPU models for the two stages. TetriInfer (Hu et al.,
2024) further disaggregates different downstream tasks to
avoid interference. These works are designed for online
serving while Seesaw focuses on offline inference. More-
over, they are usually designed for large clusters.

Merge Prefill and Decode (Chunked prefill) Chunked
prefill, as proposed by SplitFuse (Holmes et al., 2024),
Sarathi (Agrawal et al., 2023), and Sarathi-serve (Agrawal
et al., 2024), splits long prompts in the prefilling stage into
smaller chunks, combining them with decoding steps to
strike a balance between data movement and computation
and reduce pipeline bubbles in pipeline parallelism. How-
ever, determining the optimal chunk size is challenging. A
chunk size that is too large results in excessive decode-only
steps, closely resembling traditional prefill-decode schedul-
ing. Conversely, a chunk size that’s too small reduces kernel
efficiency. Furthermore, chunked prefill cannot always per-
fectly piggyback decoding with prefilling, leaving separate
decode-only steps. For further performance enhancement,
model re-sharding can be integrated with chunked prefill
to accelerate these decode-only steps. On the other side,
the key advantage of chunked prefill is its flexibility in
supporting both throughput- and latency-oriented scenar-
ios, whereas Seesaw prioritizes throughput at the cost of
increased latency.

7.2 Parallel and Distributed LLM Inference

Aside from tensor parallelism, pipeline parallelism, and data
parallelism discussed in Section 2.2, there are also other
types of parallelisms, such as sequence parallelism (SP) (Li
et al., 2021; Liu et al., 2023; Lin et al., 2024; Brandon et al.,
2023; Xue et al., 2024) and fully sharded data parallelism
(FSDP) (Zhao et al., 2023; Rajbhandari et al., 2020). Se-
quence parallelism is especially designed for long sequence
lengths, and is orthogonal with our work. FSDP requires
frequently transferring weight matrices across GPUs, thus
mainly used in training.

HexGen (Jiang et al., 2023), LLM-PQ (Zhao et al., 2024),
Helix (Mei et al., 2024) investigate parallelisms in heteroge-
neous clusters. Intra-device parallelism leverages overlap-
ping functions using different resources within each device,
including DeepSeek (Liu et al., 2024a), NanoFlow (Zhu
et al., 2024) and Liger (Du et al., 2024). Petals (Borzunov
et al., 2022) explores LLM inference in geographically dis-
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tributed setups, employing pipeline parallelism to minimize
communication costs. SpotServe (Miao et al., 2024) runs
LLM inference on preemptible instances. Since most of
these works target different scopes than Seesaw, direct com-
parisons are not applicable.

7.3 Offloading in LLM Inference

Offloading is a widely used technique to run LLM applica-
tions in resource-constrained scenarios (Ren et al., 2021).
FlexGen (Sheng et al., 2023) swaps tensors across GPU
memory, CPU memory, and disks. Fiddler (Kamahori
et al., 2024), HeteGen (Xuanlei et al., 2024), PowerIn-
fer (Song et al., 2023) and FastDecoder (He & Zhai, 2024)
perform part of computation in CPU, which require CPUs
with strong compute capability or external CPU nodes con-
nected with high-bandwidth networking. Instinfer (Pan
et al., 2024b) offloads computation to Computational Stor-
age Drives. Unlike these approaches, Seesaw does not as-
sume extremely limited GPU memory that requires frequent
CPU-GPU weight matrix transfers. Instead, Seesaw uses
CPU memory only as an intermediate stage for model and
KV cache resharding.

8 CONCLUSION

This paper proposes Seesaw, a high-throughput LLM infer-
ence engine, to address the inefficiencies of fixed paralleliza-
tion by selecting different parallelization strategies for the
prefilling and decoding stages and switching between them
using model re-sharding. It uses tiered KV cache buffering
to minimize re-sharding overhead. Our experiments show
that Seesaw outperforms widely-used open-source inference
engines, with a throughput increase of 1.06-1.78→ and an
average throughput improvement of 1.36→. These results
highlight Seesaw’s effectiveness and adaptability.
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