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Abstract—Multiple Low-Rank Adapters (Multi-LoRA) are
gaining popularity for task-specific Large Language Model
(LLM) applications. For Multi-LoRA serving, caching hot LoRAs
and KV caches in the GPU memory can improve inference
performance. However, existing Multi-LoRA inference systems
fail to optimize serving performance like Time-To-First-Token
(TTFT), neglecting usage dependencies when caching LoRAs
and KV caches. We therefore propose ELORA, a Multi-LoRA
caching system to optimize the serving performance. ELORA
comprises a dependency-aware cache manager and a performance-
driven cache swapper. The cache manager maintains the usage
dependencies between LoRAs and KV caches during inference
with a unified caching pool. The cache swapper determines the
swap-in or swap-out of LoRAs and KV caches based on a unified
cost model, when the GPU memory is idle or busy, respectively.
Experimental results show that ELORA reduces the TTFT by
45.7% on average, compared to state-of-the-art works.

I. INTRODUCTION

Large Language Models (LLMs) are now widely used to
understand and generate human-like text [6], [11]. While it is
cost-inefficient to train LLMs for different tasks, parameter-
efficient fine-tuning [20], [50] that freezes the large-scale base
model and finetunes multiple Low-Rank Adapters (LoRAs) for
various tasks is increasingly popular [13], [3]. For instance, in
chatbot [37], [18], [12], multi-language translation [57], [56],
and personal agents [4], [31], [49], multiple LoRA adapters
(LoRA for short) can be tuned for different user demands
and application scenarios. For these LLMs, Key-Value (KV)
caches that store input context are often used to maintain
coherence and speed up responses during extended interactions
by avoiding repetitive computations [25], [1]. Researchers also
reused history KV caches for queries with the same prefix [64],
[16], [53], [55], boosting performance in iterative tasks.

To improve the serving performance of such Multi-LoRA
applications, many works have investigated caching the base
model, the KVs [55], [15], [39], [64] or “hot” LoRAs [52],
[22], [29] in the GPU memory. vLLM [25] proposed to
cache both LoRAs and history KV caches to improve in-
ference performance. Fig. 1 shows an example of caching
base model, LoRAs, and KVs. Different LoRAs have separate
KV caches (e.g., LoRA-1 and LoRA-2). Moreover, vLLM
statically partitioned the GPU memory for LoRAs and KVs,
and managed their swap-in or out separately. This is because
vLLM allocated different sizes of memory blocks for LoRAs
and KVs, preventing their sharing with each other [48].
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Fig. 1: An example caching state to show the Usage Depen-
dencies between LoRAs and KV caches.

When a user query is received, the serving system checks
whether the required LoRA and KVs are already in the GPU
memory. If the required LoRAs and/or KVs are not cached,
they are swapped in from the main memory. If the cache space
for the LoRAs or KVs is full, some of them are swapped
out with various caching policies. When queries use different
LoRAs following stable distributions, this solution performs
well because the optimal GPU memory space partition can
be identified in a “brute-force” way. However, production
traces [40], [60], [63] show that the distributions are dynamic.
In this scenario, we observe that static GPU memory partition
and independent cache management suffer from low efficien-
cies in intra-LoRA and inter-LoRA aspects.

In the intra-LoRA aspect, a query’s KVs may remain cached
while its required LoRA is swapped out. As shown in Fig. 1,
when “Query-1” relying on LoRA-1 arrives, it can run only if
LoRA-1 and its prefixed KV1-1 and KV1-2 are in the GPU
memory. However, LoRA-1 is swapped out earlier due to the
limited GPU memory space. In this case, the cached KVs are
actually “invalid”, because the query cannot run without the
required LoRA, showing their inherent usage dependencies.
If the GPU memory space of invalid KVs (e.g., KV1-3) were
used to cache LoRA-1, Query-1 could run immediately. Invalid
KVs of a LoRA may also prevent useful KVs of other LoRAs
from being cached. For instance, KV2-2 is not cached while
LoRA-1’s KVs are invalid, preventing queries of LoRA-2 from
running. Our experiments show that vLLM [25] suffers from
42.4% invalid KV caches on average.

In the inter-LoRA aspect, the required number of LoRAs
and the hotness of KVs for different LoRAs change dynam-
ically, due to the varying loads of different LoRAs. For the
example in Fig. 1, more LoRAs (e.g., LoRA-x) need to be used

1

20
26

 IE
EE

 In
te

rn
at

io
na

l S
ym

po
siu

m
 o

n 
Hi

gh
 P

er
fo

rm
an

ce
 C

om
pu

te
r A

rc
hi

te
ct

ur
e 

(H
PC

A)
 |

 9
79

-8
-3

31
5-

93
02

-5
/2

6/
$3

1.
00

 ©
20

26
 IE

EE
 |

 D
O

I: 
10

.1
10

9/
HP

CA
68

18
1.

20
26

.1
14

08
49

2

Authorized licensed use limited to: Hong Kong University of Science and Technology. Downloaded on March 10,2026 at 06:37:59 UTC from IEEE Xplore.  Restrictions apply. 



at the next time interval, and the KVs of LoRA-x become hot,
but other LoRAs’ KVs have occupied the GPU memory, which
prevents them from being swapped in. However, with static
GPU memory partitioning of LoRAs and KVs, their swap-
in or out can only be managed separately, making it hard to
uniformly balance their usage in the GPU memory.

To address the above problems, a scheme is required to
integrate the usage dependency for each LoRA and its cor-
responding KV caches with the unified management of GPU
memory. We observe that the usage dependencies between a
LoRA and its KV caches can be delicately denoted by a tree
structure. We therefore introduce a tree-based scheme to main-
tain the usage dependencies during inference, where nodes are
KVs or LoRAs and edges are their dependencies. This can
keep more valid KVs in GPU memory to improve efficiency,
and thus help in reducing the Time-To-First-Token (TTFT)
and Time-Per-Output-Token (TPOT) of queries. Moreover, it
is also challenging to balance the GPU memory usage for
LoRAs and KVs under varying loads. A cost model is also
required to assess the most beneficial LoRAs and KV caches
to swap in or out during the Multi-LoRA serving.

We therefore propose ELORA, a Multi-LoRA caching sys-
tem that appropriately manages the swap-in or out of LoRAs
and KV caches at the scheduling level. ELORA aims to reduce
the TTFT and TPOT, and maximize the supported peak load
of Multi-LoRA applications. It comprises a dependency-aware
cache manager and a performance-driven cache swapper. The
cache manager maintains the usage dependencies between KV
caches and LoRAs based on the tree-based scheme with a
unified caching pool, where LoRAs or KV caches are inserted
or removed from leaves in the GPU memory to keep the tree
connected. Based on usage dependencies, the cache swapper
periodically determines the swap-in or out of LoRAs and KVs
by using a cost model, which precisely assesses the benefits
of swap-in or out LoRAs and KVs to the serving performance
of future queries. This paper makes three major contributions.

• Investigating caching management of LoRAs and KVs
for the Multi-LoRA inference. The analysis motivates
us to maintain usage dependencies between LoRAs and
KV caches, and to unify the management of their swap-in
or out based on their impact on inference performance.

• The design of a scheme that maintains the usage
dependencies between LoRAs and KV caches. Consid-
ering the usage dependencies, more valid KVs are cached
in GPU memory, eliminating the intra-LoRA inefficiency.

• The design of a cost model that guides the swap-
in or out of LoRAs and KVs. The model enables the
unified swap-in or out of LoRAs and KVs, eliminating
the inefficiency due to the inter-LoRA interference.

We evaluated ELORA with Llama3-8B, Llama2-34B, and
Llama3-70B [46], [34] on 8 NVIDIA H800s with chatbot [35],
[10], multi-language translation [56], and personal agents [7]
scenarios. Compared to the state-of-the-art work, results show
that ELORA reduces TTFT and TPOT by 45.7% and 37.8%,
respectively, and improves the supported peak load by 78.9%.

TABLE I: Comparisons between ELORA and other works.

Multi-LoRA
serving

Online LoRA
(un)loading

History
KV reuse

Dynamic manage
KVs and LoRAs

TensorRT-LLM [36] " "

S-LoRA [42] " "

vLLM [48] " " "

ELORA " " " "

II. RELATED WORK

LLM Fine-tuning. Recent studies have proposed efficient
methods for fine-tuning LLMs [20], [30], [27], with LoRA
adapters being among the most widely used. LoRA achieves
fine-tuning with low costs by adding a low-rank branch [20].
Evolved models like DoRA [33] and AdaLoRA [59] that were
developed based on LoRA, enhance fine-tuning efficiency by
introducing flexible updates through weight decomposition and
efficient trimming of insignificant singular values. These mod-
els share the same features as LoRA for the LLM inference,
thus ELORA can adapt to them with minimal modifications.

KV Cache Management. Some engines like Orca [54] and
FastTransformer [41] simply discarded requested KV caches
after query processing, which forces recomputations for each
new query. To reduce recomputations, FlexGen [43] offloaded
the KV caches to host memory and disk for the reuse of
subsequent queries. SGLang [64] introduced RadixAttention
to handle various KV cache reuse via a global prefix tree
and a Least Recently Used (LRU) policy, which is utilized as
the underlying operator for ELORA’s usage dependency tree
implementation. ChunkAttention [64] improved GPU mem-
ory utilization by sharing KV caches for common prefixes
across different queries. For multi-round dialogues, Attention-
Store [15] and Pensieve [55] maintained a multi-level KV
caching to store and manage all requested history KV caches to
eliminate recomputations. Despite reusing history KV caches,
these prior works failed to unify the management of KVs and
LoRAs in a manner that accounts for their usage dependencies.

Multi-LoRA Serving Systems. TensorRT-LLM [36] sup-
ported Multi-LoRA serving with the reuse of history KVs, but
required all LoRAs to be pre-compiled with the base model
under its static graph compilation. This cannot support online
loading or unloading during the Multi-LoRA serving.

To enable online LoRA loading into the GPU memory,
Punica [9] introduced the operator to separate the base model
from the task-specific adapter. S-LoRA [42] introduced a
unified caching operator for LoRAs and running KV caches,
which is utilized as ELORA’s underlying operator. It did not
reuse history KVs and swapped in LoRAs on demand. Punica
and S-LoRA also realized that queries with various LoRAs
can be batched to improve inference efficiency. Moreover,
dLoRA [52] dynamically merged and unmerged adapters with
the base model and migrated queries and adapters across repli-
cas, which is orthogonal to our work. The above works did not
consider reusing history KV caches to avoid recomputations.

SGLang [64] integrated the operator of S-LoRA [42] to
support Multi-LoRA serving. However, it does not support
reusing history KV caches when Multi-LoRA functionality
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is enabled due to unresolved compatibility issues in imple-
mentations [19]. Moreover, vLLM [48] integrated the operator
of Punica for Multi-LoRA serving while reusing history KV
caches. It utilized the LRU for LoRAs and KV caches.
However, vLLM managed LoRAs and KVs in separate GPU
memory spaces, failing to account for their usage dependencies
and balance the GPU memory usage under dynamic scenarios.

Table I compares ELORA with representative works.

III. BACKGROUND AND MOTIVATION

In this section, we first introduce the background of Multi-
LoRAs, then investigate the inefficiency of current systems.

A. Multi-LoRA Serving with Caching

Multi-LoRA. LoRA [20] is a popular method for efficiently
fine-tuning pre-trained LLMs by adding lightweight adapters
to original weights. Instead of updating all parameters, LoRA
only learns a pair of low-rank matrices that modify the original
weights. These matrices are much smaller than the original
weight matrix, reducing computational and memory costs.

For the Multi-LoRA scenario, the pre-trained base model
is loaded once, and multiple pairs of low-rank matrices are
introduced, each corresponding to a specific task [21], [62].
For each task t, a unique pair of low-rank matrices At and Bt

is learned, and the original weight matrix W is updated as:

W ′
t = W +∆Wt = W +AtBt (1)

For Multi-LoRA serving, based on the query’s task, the
corresponding LoRA matrices are loaded into the GPU mem-
ory before inferring. Queries using different LoRAs can be
processed in a single batch using Segmented Gather Matrix-
Vector multiplication (SGMV) [42], [9].

KV Caches for Multi-LoRAs. The LoRAs need to be
loaded into the GPU memory during the inference [20], [42].
Moreover, most LLMs use a decoder-only transformer to
predict the next token with KV caches computed from previous
tokens [14], [11]. When a query matches an existing prefix, the
stored history KV caches can be reused to eliminate redundant
computations and reduce GPU memory usage.

Each LoRA adds a low-rank branch to the original weights,
which affects the computations of the KV cache. For a hidden
state h at a specific layer, the Key and Value matrices using
LoRA t with original weights WK and WV are computed as:

Kt = (WK +At,KBt,K)h, Vt = (WV +At,V Bt,V )h (2)

Thus, the KV cache for each LoRA differs due to task-specific
modifications in the matrices, which require separate storage
of the KV caches for different LoRA adapters [13].

The separate storage increases contention for limited GPU
memory space, and thus the KV caches and LoRAs are
usually offloaded to main memory and swapped in or out on
demand [15], [42]. This can cause cold starts when loading
them back into GPU memory. To reduce this overhead, we can
pre-cache “hot” KV caches and LoRAs into GPU memory.

Multi-LoRA Serving. For a new query, if the required
LoRA is not in the GPU memory while the GPU memory is

full, this query needs to queue to wait for other KV caches or
LoRAs swapped out from the GPU memory, and then load the
required LoRA. Similarly, if the required KV caches are not in
GPU memory, they will be swapped in from the main memory.
Once the required LoRA and KVs are properly loaded and
matched, the inference begins to generate the next token.

LLM inference typically has prefill and decode stages [54],
[1], [8], corresponding to two performance metrics, i.e., TTFT
and TPOT. The above Multi-LoRA serving workflow can
introduce overheads due to the queue waiting for the GPU
memory space, LoRA cold-starts, and KV cache cold-starts,
affecting both the TTFT and TPOT.

B. Application Scenarios for Investigations

We built three commonly-used Multi-LoRA LLM inference
applications based on real-world traces for investigations.

Chatbots. In each dialogue round, chatbots generate re-
sponses using full user history. Online services often let users
choose specific scenarios (e.g., business analysis [47]), and ap-
ply Multi-LoRA inference to improve efficiency. We construct
queries using LMSYS-33k dataset [63], which has 33,000
dialogues with model names, texts, and timestamps. Based
on model names, we assign the target LoRA of each query
and retain the original query distribution for different models.
To form different query sending rates, we proportionally scale
this dataset while preserving its original pattern [42], [52].

Multi-language Translations. This service uses Multi-
LoRAs to dynamically select optimal models to enhance
translation results [66]. We construct queries from the OPUS-
100 dataset [56], which contains 55 million sentence pairs
in 100 languages. We map each language translation pair
to a specific LoRA, e.g., French to English. As the OPUS-
100 dataset lacks timestamps, we adopt query arrival patterns
from the Microsoft Azure function trace (MAFT) [40], [60],
following previous works [52], [22]. We rank MAFT functions
by invocation frequency, select the top-n query types, and map
them to the n LoRAs to maintain query distribution.

Personal Agents. LLMs are widely used in this scenario,
e.g., mobile assistants and home assistants, with Multi-LoRA
enabling efficient multi-task support [31], [62]. We construct
queries using the Google Taskmaster dataset [7], which fea-
tures multi-turn, task-oriented dialogues that mirror real-world
assistant interactions. We apply the same sampling based on
MAFT as in the translation.

To adapt various LoRA numbers (n) to the above scenarios,
we randomly choose the query patterns from n models, trans-
lation pairs, or task scenes in corresponding datasets and map
to n LoRAs. Like other works [42], [52], we randomly select
LoRAs from the HuggingFace repository of the corresponding
LLMs, and this does not affect the serving performance [9].
The ranks of LoRAs in our evaluations are either 32 or 64.

The traces we utilized [63], [40], [56], [7] can capture the
dynamics of queries accessing various LoRAs. As statistics,
the required GPU memory for LoRAs (with corresponding KV
caches) varies by 48.1% on average every 1 second, in which
73.9% variations are beyond 20% and others are below 20%.
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TABLE II: Experiment specifications

Specifications

Hardware
Intel Xeon Platinum 8480CL CPU, 256GB memory
NVIDIA H800 (each of 80GB GPU memory) ×8

PCIe 5.0, 128GB/s interconnection bandwidth

Software
Llama3-8B, Llama2-34B, Llama3-70B,

LMSYS-33K [63], OPUS-100 [56], Taskmaster [7],
Microsoft Azure Function trace [40], [60]
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Fig. 2: The TTFT of the vLLM for different scenarios.

C. Low Multi-LoRA Serving Performance

In this subsection, three application scenarios described in
Section III-B are used as benchmarks. We use the Llama3-8B,
Llama2-34B, and Llama3-70B as base models, and evaluate
them on eight NVIDIA H800 GPUs. We construct various
LoRA numbers (20, 50, and 100) for each base model. Table II
shows the hardware and software configurations.

We have tried to use the latest version of SGLang [61] that
supported the Multi-LoRA serving but cannot reuse the history
KV caches. However, evaluation results show the average
TTFT of SGLang can be as high as 9568.9ms. This extremely
low performance is similar to observations from others [19]. It
has prevented us from further investigations, as we suspect it
may be caused by poor Multi-LoRA compatibility of SGLang.

We therefore choose to use vLLM [48] that caches both
LoRAs and history KVs as the representative serving sys-
tem. vLLM integrates the Multi-LoRA serving kernels of
Punica [9], [48], with more optimizations like prefix-caching
to reuse history KV caches. It allocates fixed GPU memory
space for LoRAs and KVs, and utilizes the LRU strategy to
swap in or out LoRAs or KVs in the respective GPU memory
area. vLLM sets a predefined allocation ratio of GPU memory
space for LoRAs (empirically to be 0.2) and the memory block
size to 32, referring to the vLLM latest version [48].

Fig. 2 shows the TTFT over time of vLLM for the three
benchmarks with the Llama2-34B base model under the LoRA
number of 50. Experiments with other base models show
similar observations, as shown in Section VIII. With varying
loads, we observe that vLLM experiences significantly high
TTFT at certain periods, due to insufficient GPU memory
space allocation for KV caches or LoRAs. As statistics, the
TTFT of the three benchmarks are 1353.4ms, 2548.9ms, and
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Fig. 3: Examples of serving two queries under: (a) without
usage dependencies, and (b) maintaining usage dependencies.

2339.6ms on average, respectively. This is because the static
GPU memory allocation of vLLM cannot dynamically adapt to
the varying loads in Multi-LoRA serving. The GPU memory
allocation is static because vLLM allocates memory blocks
with different sizes for LoRAs and KVs according to their
respective requirements [48]. Memory blocks in the GPU
memory area of KV caches cannot be used for LoRAs, making
it impossible to dynamically adjust the pool sizes.

While redeployment can change the GPU memory partition,
it results in large overheads that can block normal inference
for tens of seconds [5], [2]. Moreover, even if dynamic
GPU memory allocation is achieved with fine-grained memory
blocks [9], [42], [22], it is still hard to define an appropriate
allocation policy with varying loads of LoRAs.

D. Diving into Underlying Reasons

Our investigations show that the poor performance is caused
by 1) inefficient GPU memory usage without considering intra-
LoRA usage dependencies, and 2) inappropriate swap-in or out
of KVs and LoRAs under the inter-LoRA varying loads.

1) Inefficient GPU memory Usage: Fig. 3 shows an exam-
ple of serving two queries (Q1 and Q2) of two LoRA adapters
(LoRA-1 and LoRA-2) under this kind of method.

As shown in Fig. 3(a), it is possible that KV2-1 is cached
while the corresponding LoRA-2 is not in the GPU memory,
without considering usage dependencies between LoRA and
its KVs. Prior work like vLLM [25] allocated static GPU
memory for LoRAs and KV caches, respectively, and managed
their swap-in/out separately, which can lead to this situation.
This occurs because, when queries access more LoRAs, the
GPU memory allocated for LoRAs becomes insufficient, forc-
ing most LoRAs (including those “hot” ones) to be swapped
out. By contrast, the GPU memory for KV caches is excessive,
thus some evicted LoRAs’ KV caches reside in the GPU.

Under this case, KV2-1 is “invalid”, since Q2 cannot run
without the LoRA. At the same time, Q1 is also blocked
although its required LoRA is cached, because it needs to wait
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Fig. 5: The relationships among the visited frequency, swap
costs, and LRU of the KV caches or LoRAs.

for the required KV1-1 to be swapped in, before which KV2-1
should be swapped out to free some GPU memory space. After
Q1 returns, Q2 needs to swap in LoRA-2 and KV2-1 again
to perform the inference. Neglecting the usage dependency,
the system causes redundant swap-in/out, greatly increasing
queuing overhead. From our evaluations in Section VIII,
vLLM results in 42.4% invalid KV caches on average.

Fig. 3(b) shows a better caching case where LoRAs and KVs
are managed based on the usage dependency. In this case, Q1
runs directly because both LoRA-1 and the KV1-1 are in the
GPU memory. After Q1 returns, Q2 runs after LoRA-1 and
KV1-1 are swapped out, and the required LoRA-2 and KV2-1
are swapped in. In this way, the redundant swap-in or out is
eliminated, and the response time of both Q1 and Q2 reduces.

While prior work does not consider the usage dependency
between LoRA and its KV caches, the limited GPU memory
space is not efficiently used.

2) Inappropriate Swap-in or out of KV caches and LoRAs:
Previous works [48], [64] manage LoRAs and KVs in GPU
memory separately, and adopt caching strategies like LRU for
swap-in or out. They cannot balance GPU memory usage for
LoRAs and KVs when loads of different LoRAs change.

Take benchmark translation in Fig. 2 as an example. TTFT
increases up to 6729.7ms and 8962.9ms during the period of
650s-1200s and 1200s-1800s, respectively. Correspondingly,
Fig. 4 shows the GPU memory utilization rates of the LoRA
and the KV parts. After looking into detailed serving trace,
we find that the long TTFT originates from different reasons.
During the 650s-1200s, the GPU memory space for KVs is
exhausted while the utilization rate of GPU memory space for
LoRAs is 59.2% on average. In this case, the frequent swap-in
or out of KVs results in the long TTFT. During the 1200s-
1800s, the GPU memory space for LoRAs is exhausted in
contrast, because queries of more LoRAs are received during
that period. According to the trace, queries of 29 LoRAs are
received before 1200s, while that value is 48 after 1200s.
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Fig. 6: Design overview of ELORA.

We should dynamically balance the GPU memory usage of
LoRAs and KVs. However, even if the GPU memory space of
LoRAs and KVs is dynamically managed through fine-grained
memory blocks, relying on LRU for the swap-in or out is not
efficient. This is because TTFT is related to many factors,
like the swap cost and visited frequency. Fig. 5 shows the
relationship between the visited frequency, LRU, and swap
cost of each KV cache and LoRA. In the figure, each point
represents a LoRA or KV cache, and its x or y-axis represents
its corresponding ranks of LRU/Frequency/Swap Cost. As
observed, the points are randomly distributed, which means
that there is no clear correlation among these factors. There-
fore, only considering the LRU strategy cannot represent the
situations of other important metrics for serving performance.

Relying on the LRU to manage the GPU memory space for
LoRAs and KV caches is not efficient to minimize the TTFT,
even if dynamic GPU memory usage is enabled.

IV. ELORA METHODOLOGY

Fig. 6 shows the design overview of ELORA. It mainly
comprises two parts: a dependency-aware cache manager and
a performance-driven cache swapper.

The most challenging part of ELORA is managing LoRAs
and KV caches based on the usage dependencies to eliminate
invalid KV caches. Thus, ELORA’s cache manager introduces
a tree-based scheme to address this problem, where nodes
represent LoRAs or KV caches, and edges represent the usage
dependencies among them. To maintain usage dependencies,
this scheme places LoRAs on the second layer, and swaps out
leaf nodes in the GPU memory and swaps in root nodes in
the main memory during Multi-LoRA serving (Section V).

When the loads of queries using different LoRAs change,
the used LoRA number can increase and the hotness of some
KV caches of some LoRAs changes. ELORA’s cache swapper
periodically decides the swap-in or out of different LoRAs and
KV caches based on metrics like LRU, visit frequency, and the
LoRA quantity. The challenging part here is to build the cost
model to directly evaluate the benefits to TTFT for swapping
in or out each LoRA or KV cache (Section VI).

Specifically, ELORA works as follows. Firstly, the cache
manager constructs the usage dependencies between LoRAs
and KV caches into a tree-based structure. Secondly, during
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Fig. 7: The construction process of the usage dependencies
among LoRAs and KV caches.

serving, it inserts newly loaded LoRAs into the second layer of
the tree and inserts or deletes KV caches at the leaves of their
corresponding LoRA branches. Thirdly, after each monitor
interval, the cache swapper retrieves the states of nodes from
the cache manager and decides the swapped-in or out KV
caches and LoRAs when the GPU memory is idle or busy,
respectively. The swap-in or out decisions are sent back to the
cache manager to perform memory operations.

We use an example for better explanations as shown in
Fig. 6. ➀ As the GPU memory is full at the start, the cache
swapper gets the states of the tree and utilizes the cost model to
evaluate the nodes in this tree, and determine the most “cold”
one “KV2-1”. ➁ The cache manager swaps out the “KV2-
1” from the GPU memory. ➂ When a new query arrives, the
cache manager fits its required LoRA and KV caches “LoRA-
1” and “KV1-1” in the dependency tree. ➃ This query then
proceeds to generate the next new token, and lastly, the cache
manager inserts its KV cache “NewKV” in the leaf of the
corresponding LoRA branch in the tree.

V. DEPENDENCY-AWARE CACHE MANAGER

In this section, we first analyze how to construct the usage
dependencies among LoRAs and KV caches, then introduce
their maintenance during serving the queries.

A. Usage Dependency Constructing

As we analyzed in Section III-D1, a LoRA and its corre-
sponding KV caches have their inherent usage dependencies.
When ignoring these dependencies, invalid KV caches will
occupy the GPU memory space, leading to low performance
for Multi-LoRA serving. We adopt a tree-based scheme to
construct the usage dependencies. as shown in Fig. 7.

For each specific query, it will first match the required
LoRA and then its corresponding KV caches. The KV caches
corresponding to different tokens also have their matching
orders. For instance, in the sentence “To be or not to be”,
the KV cache for the token “To” should be matched in front
of “be”. Therefore, as shown in Fig. 7(a), the LoRAs and
subsequent KVs can be intuitively connected by a chain like
the branch of LoRA-1, where nodes represent LoRAs or KV
caches and edges represent the usage dependencies. Moreover,
a KV cache for a token may have several possible subsequent
KV caches. For instance, the subsequent tokens for the prefix
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Fig. 8: Maintaining the usage dependencies among LoRAs and
KV caches during the query inference.

sentence “To be” can be “or not to be” or “the best”. Thus,
the LoRA and its subsequent KV caches can also construct a
subtree like the branch of LoRA-N in this figure.

Since these subtrees constructed above are still separate, we
need to merge these subtrees into a unified one, as shown in
Fig. 7(b). We use a virtual root node to connect the subtrees for
different LoRAs to form a unified tree, with all LoRA nodes
placed on the second layer of the tree. In this way, newly
arrived queries can first match the required LoRA node in this
tree, and then match the KV cache nodes in this LoRA branch.
Through the construction of usage dependencies described
above, the usage dependencies among LoRAs and KV caches
within the same LoRA branch are established, while KV
caches in different LoRA branches remain independent.

In the dependency tree, ELORA divides each LoRA or KV
cache into the same fixed-size memory blocks, and a LoRA or
KV cache block is represented by a node in the dependency
tree. Thus, the specific LoRA rank or KV cache size does not
impact ELORA’s caching strategy. The node label for each
KV cache node is the hash value of the token sequence, and for
each LoRA node is the LoRA ID. For the swapping decisions
in Section VI, we also record the related data for each node.
Each node retains its corresponding information, i.e., the visit
frequency, the last recent usage time, and the node size. These
data will be updated when each node is generated, matched,
or swapped in or out during the inference.

B. Dependency Maintaining During Inference

To maintain the usage dependencies among LoRAs and KV
caches during the query inference, we need to correctly match
and update the LoRAs and KV caches in the dependency
tree. Moreover, we need to swap in or swap out appropriate
nodes in the dependency tree according to the cache swapper’s
decisions (Section VI) when the GPU memory is idle or busy.

For the matching and updating, as shown in Fig. 8(a), when
a query arrives, it needs to match the required LoRAs and
KV caches. This query will first match the LoRA node in
the second layer. If the LoRA resides in the main memory,
this node is swapped in the GPU memory asynchronously.
Then, within the subtree of this LoRA branch, this query
begins to match history KV caches according to Depth-First-
Search (DFS) of the tree until the leaf node is reached or no
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corresponding node can be found. During the KV matching
process, if the required KV cache resides in the main memory,
it will first be swapped into the GPU memory. Through the
above prefix matching process, we can maximize the reuse of
KV caches that have already been computed according to the
usage dependencies. At last, this query generates a new token
with a new KV cache, and we will insert it below the last
matched node of its corresponding LoRA subtree. Also, during
the decoding process, the new KV cache will be continuously
inserted into the leaves of this LoRA branch.

When the GPU memory is idle or busy, some LoRAs or KV
caches need to be swapped in or swapped out to fully utilize
the GPU memory and main memory resources. As shown in
Fig. 8(b), the cache manager will control the swapping-out
to start from the leaf nodes in the GPU memory, as well as
control the swapping-in to start from the root nodes of each
subtree in the main memory. This is because, during the node
matching process in the dependency tree, the nodes higher up
will always be prioritized for matching, and all their children
nodes depend on them. In this way, the usage dependencies
among LoRAs and KV caches can be maintained during the
inference, and all KV caches in the GPU memory are valid
ones, thus the GPU memory space can be fully utilized.

It is worth noting that ELORA’s usage dependency tree is
different from the RadixAttention tree of SGLang [64], which
only handles various KV reuse patterns without considering
LoRAs. Moreover, based on the design of the usage depen-
dency tree, ELORA further introduces a cost model tailored
for comprehensively deciding the swap-in/out of both LoRAs
and KV caches in Section VI.

VI. PERFORMANCE-DRIVEN CACHE SWAPPER

In this section, we first analyze how the quantity of LoRAs
in the GPU memory affects TTFT. Then, we introduce a cost
model to assess benefits to TTFT of swapping in or out LoRAs
and KVs. Lastly, we introduce the workflow of cache swapper.

A. Considering the LoRA Quantity on TTFT

As the LoRA quantity used changes dynamically over time,
the LoRA quantity in the GPU memory can impact the TTFT.

Fig. 9 shows the TTFT under the chatbot scenario with
different static GPU memory allocation ratios for LoRAs in
the vLLM. In this experiment, the used LoRA number in the
traces is set at 20 and 50, as well as the average sending rate is
5 queries per second. We can observe that the TTFT reduces
significantly before reaching a target ratio, and the target ratio
increases when the required LoRA number changes from 20
to 50. This is because the query inference can only start once
the required LoRA is matched in GPU memory, otherwise,
the query is queued. An insufficient LoRA loading quantity in
GPU memory can cause a large amount of LoRA cold-starts,
leading to a significant increase in TTFT. Therefore, sufficient
LoRA quantity is needed under different dynamic scenarios.

In realistic execution scenarios, ELORA does not need to
utilize Fig. 9 to determine the ’”target ratio”, but determines
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Fig. 9: The TTFT of vLLM in the chatbot scenario under
different GPU memory allocation ratios for LoRAs.

the required loaded LoRA quantity using the following estima-
tion methods. The current required LoRA quantity is estimated
based on two factors: the usage frequency probability probi
of LoRA i, which is obtained from the recorded data in the
dependency tree, and the recent inference batch size BS from
the last 5 seconds. Using these data, we calculate the expected
number of LoRAs required for inference (Lowlora) as follows:

Lowlora =
n∑

i=1

fei =

n∑
i=1

(
1− (1− probi)

BS
)

(3)

In this equation, fei represents the probability that the
LoRA i is present in the recent batch, i.e., 1 minus the
probability that no queries in this batch use this LoRA. With
the Lowlora, our cost model will encourage the loaded number
of LoRAs in GPU to approach it in Section VI-B.

B. Cost Model to Access Benefits to TTFT

When performing swap-in or out for LoRAs and KV caches,
the goal is to retain the most valuable KVs and LoRAs in GPU
memory as much as possible, thereby optimizing the TTFT
for incoming queries. To achieve this goal, our key idea is to
design a cost model to evaluate the expected benefits to TTFT
of retaining a KV cache or LoRA in GPU memory. Our cost
model is carefully built with following two parts.

Firstly, we should address the issues of high TTFT caused
by pre-caching insufficient LoRAs, as analyzed in Sec-
tion VI-A. The cost model needs to try to load a sufficient
quantity of LoRAs. Thus, we first define LoRA Evali as
the reward coefficient that encourages the loaded quantity of
LoRAs to be close to Lowlora (Eq. 3) as:

LoRA Evali =min(1,
NowLoRAi

Lowlora
) (4)

In this formula, NowLoRAi
represents the number of LoRAs

after the swap operation of node i. This formula encourages
the number of LoRAs loaded in GPU to approach the expected
LoRA number (Lowlora). In our evaluations, for 94.8% of the
time, ELORA can ensure the loaded LoRA number is within
+-5% error relative to the Lowlora.

Secondly, we should estimate the expected cold-start latency
reduction to TTFT for future queries when retaining each
LoRA or KV cache in the GPU memory. As we analyzed
in Section III-D2, we consider the performance metrics that
include the visited frequency, the LRU, and the cost of swap-in
or out of nodes. Therefore, we define Retain Evali as:

Retain Evali = costi × visiti × (1− sigmoid(ti)) (5)
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Fig. 10: The execution workflow of the cache swapper with
the swap-out instruction as examples.

In this formula, the first item transfer costi is computed
using the PCIe bandwidth and size of the KV or LoRA, and
the second item visit frequency probability visiti is obtained
based on the recorded data on the dependency tree. The third
item is a time decay function similar to the forget-gates in
the LSTM, whose ti represents the time difference between
the current time and the last recent usage time. The inclu-
sion of visit frequency follows prior KV cache management
studies [39], [58]. The sigmoid-based item considers the LRU,
which ensures that less recently used KVs or LoRAs get higher
eviction priority, as commonly used in prior work [45], [28].

Combining the formulas of the LoRA reward coefficient
and the expected TTFT benefits of future queries, we finally
design the cost model to access a KV cache or LoRA i as:

Evali = LoRA Evali ×Retain Evali (6)

As for the definition, a KV cache or LoRA with a higher
Evali has more benefits to be stored in GPU memory, also
meaning it incurs higher costs if it is swapped in GPU memory
from the main memory. This cost model evaluates the relative
relationship between each KV cache or each LoRA in terms of
benefits to the TTFT when retaining them in the GPU memory.
Then, we can use these relationships to decide their swap-in or
out orders when the GPU memory is full or idle, respectively.

The cost model can handle varying KV block sizes across
LoRA branches. This is because it conducts swap-in/out for
each node in the usage dependency tree that represents a fixed-
size memory block, which naturally accounts for the storage
differences across branches (i.e., different numbers of nodes).

C. Workflow of the Cache Swapper

Fig. 10 shows the operation workflow of the cache swapper.
After each 100ms interval, the cache swapper first updates

the accessing of benefits (Evali) of all nodes in the tree
based on the cost model in Eq. 6 (➀). At the same time, the
cache manager calculates the GPU memory usage based on the
storage state of the usage dependency tree. If the GPU memory
is full, the cache manager will send the swap-out instruction
to the cache swapper (➁). According to Section V-B, the leaf
nodes in the GPU memory will be sent as candidate nodes to
the cache swapper (➂). With the candidate nodes, the cache
swapper sorts them in increasing order of Evali for the swap-
out (➃). The cache manager continuously swaps out the nodes
one by one according to the sorting result (➄). Moreover,
since the number of LoRAs in the GPU after each LoRA

node swapping could change, ELORA updates the evaluation
function after each LoRA swapping.

Similarly, if GPU memory is idle (e.g., below 70% utilized),
the cache manager sends the swap-in instruction to the cache
swapper. The root nodes of each path in the main memory
will be the candidate nodes. The decision process is the same,
and just change the sorting orders of nodes to descending.

ELORA naturally supports both small and large GPU mem-
ory changes, since it updates Evali (Eq. 6) for each LoRA
or KV and decides their swap-in or outs at every fine-grained
100ms. If a few LoRAs/KVs are required for inference with
small changes, and GPU memory has space, ELORA is capa-
ble of directly loading them. Above methods are supported by
the minimal Evali updating overhead of up to 3.1us, as well
as ELORA’s asynchronous swap-in/out implementations with
the swapping overhead only up to 0.47ms in our evaluations.

VII. IMPLEMENTATION OF ELORA

ELORA can be adapted to popular LLM engines [64],
[54], [1] by replacing their memory management module with
few modifications. It applies to LLMs based on decoder-only
transformer [46], [14], [11] that cover most practical scenarios.
ELORA is implemented based on vLLM [48] with an extra
7856 and 1766 lines of Python and C++ codes. It uses Tensor
Parallelism [42], [48] for distributed inference of LLMs. For
serving queries that use LoRAs with various ranks, ELORA
employs the SGMV operator [42], [9] to enable their batching.

Unified Caching Pool for LoRAs and KVs: We extend
the BlockManager of vLLM [25], [64] to achieve this. During
the initialization, both GPU and main memory are partitioned
into memory blocks of the same size, which is similar to S-
LoRA [42], but we also extend this pool to store history KV
caches. We also perform block-wise partitioning of LoRAs
along the rank dimension, while other dimensions of LoRAs
align with those of the KV caches.

Usage Dependency Tree: Built on top of the unified
memory, it is a data structure that merely logically records the
memory addresses of different LoRA and KV cache memory
blocks, while the actual data resides in their respective physical
locations across GPU and main memory. We utilize an efficient
trie tree [51] that is similar to SGLang [64] to implement this
tree, whose node matching and updating are less than 1ms.
Moreover, since operations (like search, insert, and delete) for
this tree are executed by the CPU, it is stored in the main
memory with a maximum 676.5KB memory usage. When the
GPU and host memory are both exhausted, cold KV blocks are
evicted, and their entries on the dependency tree are deleted.

Asynchronous Swapping: To further mitigate the cold start
overhead, we adopt the asynchronous swap-in or out similar
to other work [15], by using the Stream library in Torch [38].
After a query arrives, if its required LoRA or KV caches are
not in GPU memory, we swap in the corresponding memory
blocks and just let this query wait without blocking other
queries’ inference. This realizes the overlap of inference and
data transferring with no extra swapping overhead.
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Fig. 11: The average TTFT, TPOT, and supported peak load of ELORA, vLLM, and S-LoRA in various scenarios. The x-axis
represents the model size and LoRA number, e.g., 8B-20 represents Llama3-8B model with the LoRA number of 20.

VIII. EVALUATION OF ELORA
In this section, we first show the performance of ELORA

under various Multi-LoRA applications. Then, we investigate
the effectiveness of each module and scalability of ELORA.

A. Evaluation Setup
Table II has shown our experimental platform. The chatbot,

translation, and personal agent are described in Section III-B.
We use Llama3-8B, Llama2-34B, and Llama3-70B (8B, 34B,
and 70B for short) as base models. Based on the parameter
size, we use 1, 4, and 8 NVIDIA H800 GPUs to deploy them,
respectively. Each H800 has 80GB GPU memory, which is the
same as NVIDIA A100 or H100. Moreover, we use various
LoRA numbers (20, 50, and 100) for each base model.

We use the state-of-the-art Multi-LoRA serving systems
vLLM [25] and S-LoRA [42] as baselines. vLLM integrates
the Multi-LoRA serving kernels of Punica [9], [48], with more
optimizations like prefix-caching to reuse history KV caches.
It partitions GPU memory and allocates static GPU memory
space for LoRAs and KV caches, and uses the LRU to swap
out the KV caches or LoRAs when GPU memory is full.
Refer to vLLM’s latest version [48], we set the GPU memory
allocation ratio for LoRAs to 0.2. Moreover, S-LoRA utilizes
a unified caching pool for LoRAs and KV caches. It does not
reuse history KV caches and swaps in LoRAs on demand.

We do not select TensorRT-LLM [36] and SGLang [61]
as baselines due to the following reasons. First, TensorRT-
LLM requires all LoRAs to be pre-compiled with the base
model, preventing dynamic loading at runtime under Multi-
LoRA serving. Second, although SGLang integrates the kernel
of S-LoRA [42], it cannot reuse history KV caches when
the Multi-LoRA functionality is enabled. As we discussed in
Section III-C, the TTFT of SGLang is as high as 9568.9ms on
average. These may be caused by implementation issues [19].

All the experiments are conducted under continuous batch-
ing, which is the most popular LLM batching strategy [54].
ELORA focuses on optimizing the caching replacement,
which is compatible with different batching strategies.

Following prior works [65], [52], we utilize the TTFT,
TPOT, and supported peak load as performance metrics. The

TTFT and TPOT data in this paper are the average values
for queries. The supported peak load is set as the supported
maximum queries per second when the TTFT is below 500ms.

B. Latency and Supported Peak Load

We first evaluate ELORA on the inference latency and
the supported peak load. For each application scenario, the
evaluations are conducted under various models and LoRA
numbers. For each model with a specific LoRA number, we
conduct 10 sets of sending rates from 0 to the supported peak
load of ELORA. Fig. 11 shows the average TTFT, TPOT, and
supported peak load of ELORA and baselines.

As observed, ELORA reduces the TTFT and TPOT, as
well as improves the supported peak load in all test cases.
The average reduction of TTFT and TPOT is 45.7% and
37.8% compared to vLLM, and 43.3% and 31.4% compared
to S-LoRA. The average supported peak load of ELORA
is increased by 78.9% and 49.9% compared to vLLM and
S-LoRA, respectively. For each case, we also repeat it 20
times, and the standard error in all cases of ELORA is 1.7%
on average. For the P99/P95, ELORA decreases the TTFT
and TPOT by 73.8%/76.1% and 61.2%/62.1% compared to
vLLM, respectively, while those values are 66.1%/68.7% and
57.3%/58.9% compared to S-LoRA. The Multi-LoRA serving
performance increase of ELORA originates from maintaining
the usage dependencies between LoRAs and KV caches and
retaining the most beneficial LoRAs and KV caches in GPU
memory to eliminate cold-starts.

The reasons for ELORA decreasing the TPOT are as fol-
lows. ELORA efficiently retains hot KV caches in GPU to ac-
celerate prefill and reduce corresponding computations, while
baselines with suboptimal caching discard certain KVs which
requires recomputation of prefill with increased computations.
Like other works [1], [17], [32], ELORA serves numerous
queries simultaneously with prefill and decode using the time-
sharing GPU. Thus, the increased prefill computations block
the decode of other queries in baselines, thereby increasing
the TPOT compared to ELORA. In our evaluations, vLLM
and S-LoRA lead to 1.38X and 1.87X computation time for
the prefill compared to ELORA, respectively.
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Moreover, compared to vLLM, ELORA decreases more
TTFT (average 49.4%) in the translation scenario than others
(average 43.8%). This is because the distribution of LoRAs
in this scenario varies more with the OPUS-100 and MAFT
datasets. vLLM’s static GPU memory partition results in
poorer cache management, while ELORA maintains consis-
tent performance. Compared to S-LoRA, ELORA achieves
the best TTFT reduction (average 53.2%) in the personal agent
than others (average 38.4%). This is because this scenario has
the longest conversation length, and S-LoRA’s drawback of not
retaining history KVs is signified. Due to the similar reason,
S-LoRA is worse than vLLM in most cases of personal agents.

C. Diving into the High Serving Performance

To better understand the source of performance improve-
ment of ELORA, Fig. 12 shows the breakdown of the average
queuing, LoRA cold-start, and KV cold-start latency in TTFT.
We can observe that ELORA achieves the lowest queue,
LoRA cold-start, and KV cold-start latency in all scenarios,
indicating the highest GPU memory utilization efficiency.

For in-depth analysis, we sample the average GPU memory
utilization of ELORA and baselines, shown in Fig. 13a.
ELORA improves GPU memory utilization by 1.2X and 2.6X
over vLLM and S-LoRA, respectively, due to its dynamic
swapping of LoRAs and KV caches in a unified caching pool.
By contrast, S-LoRA wastes GPU memory by not retaining
history KV caches, while vLLM’s static GPU memory parti-
tion makes the GPU memory for LoRAs or KVs under-utilized
under dynamic loads. These factors also contribute to a lower
queue and cold-start latency for ELORA, as shown in Fig. 12.

We also compare the average KV cache and LoRA hit rates
of ELORA and baselines across different scenarios, as shown
in Fig. 13b. ELORA increases the cache hit rate by 1.3X and
3.4X compared to vLLM and S-LoRA, respectively. This is
because ELORA maintains the usage dependencies between
LoRAs and KV caches to eliminate invalid KV caches, which
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Fig. 14: GPU memory usage over time of different systems.

enhances the GPU memory utilization efficiency. Its efficient
swapping strategy also prefetches appropriate KV caches and
LoRAs into GPU memory. S-LoRA has the lowest hit rate
because it does not reuse KV caches. As a result, ELORA
achieves lower queue and cold-start latency in Fig. 12.

D. Analysis of GPU Memory Usage Over Time

In this subsection, we compare GPU memory usage between
ELORA and baselines. We take the example of using the
Llama2-34B, LoRA number of 100 for the chatbot. Other
scenarios have similar results. Fig. 14 shows the GPU memory
usage for history KV caches, LoRAs, and running KV caches.

From 0s-400s shown in (a), ELORA proactively fetches all
LoRAs into GPU memory based on the cost model to eliminate
the cold-start overhead of LoRAs under low GPU memory
pressure. In contrast, vLLM and S-LoRA load the LoRAs on
demand, leading to a higher TTFT. From 400s-900s shown in
(b), as the load increases, ELORA swaps out some LoRAs
and retains the most history KV caches in GPU memory due
to the unified caching pool. In contrast, vLLM’s static GPU
memory partition retains fewer history KVs while S-LoRA
directly discards them, leading to poorer KV cache reuse and
higher TTFT. Moreover, the history KVs gradually decrease
in this period as they are swapped out to free GPU memory
for running KVs when the load increases.

From 900s-1300s in (c), ELORA swaps out all history KV
caches to free up GPU memory for running KV caches of
the current inference. By contrast, the static GPU memory
partition of vLLM results in the KV cache memory pool being
exhausted to its maximum capacity (80%), leading to queuing
and rapid growth of TTFT. Meanwhile, due to the increase of
the load, directly discarding history KVs in S-LoRA causes
lots of recalculations, resulting in a high TTFT. Lastly, from
1300s-1800s in (d), with the increase of the required number
of LoRAs, the static memory space for LoRAs (20%) in vLLM
is exhausted, leading to high TTFT of vLLM. In contrast,
ELORA can allocate more memory for LoRAs, leading to
higher GPU memory usage and lower TTFT.

E. Effectiveness of the Cache Manager

In this subsection, we show the performance of ELORA-
WOM, a variant of ELORA that does not maintain usage
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Fig. 15: The TTFT and TPOT of ELORA’s variants normal-
ized to ELORA, represent by bars and curves, respectively.
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Fig. 16: The TTFT and TPOT when eliminating different
components of ELORA’s cost model under the chatbot.

dependencies between LoRAs and KV caches in unified GPU
memory with the cache manager. ELORA-WOM still uses
the cache swapper to swap in or out LoRAs or KV caches.

The blue bars and curves of Fig. 15 show the TTFT
and TPOT of ELORA-WOM normalized to ELORA. As
observed, the TTFT and TPOT of ELORA-WOM are higher
than ELORA in all cases, with an average increase of 1.51X
and 1.34X, respectively. We also sample the history KV caches
during the inference and find ELORA-WOM suffers from an
average of 48.6% invalid KV caches. Moreover, the supported
peak load of ELORA-WOM is also decreased by 19.3%.

When ignoring the usage dependencies, lots of invalid KV
caches occupy the GPU memory, leading to low GPU memory
utilization and low serving performance.

F. Effectiveness of the Cache Swapper

In this subsection, we show the performance of ELORA-
WOS, a variant of ELORA that uses a simple LRU policy
to replace the cost model (Eq. 6) in the cache swapper. The
usage dependencies between LoRAs and KV caches are still
maintained with the cache manager during inference.

The green bars and curves of Fig. 15 show the TTFT and
TPOT of ELORA-WOS normalized to ELORA. As observed,
the TTFT and TPOT of ELORA-WOS are increased in all
test cases, with an average increase of 1.42X and 1.29X,
respectively. Moreover, the supported peak load of ELORA-
WOS is also decreased by 18.6%.

Without ELORA’s cost model, inappropriate LoRAs or KV
caches will be swapped in or out when GPU memory is idle or
busy, respectively. This results in more cold-starts of LoRAs
and KVs, and decreases the performance.

G. Effectiveness of Different Parameters of the Cost Model

In this subsection, we investigate the effectiveness in the
serving performance of different parameters in ELORA’s
cost model (Eq. 6). We construct four variants by remov-
ing different components of the cost model, i.e., ELORA-
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Fig. 17: The TTFT and TPOT of other caching policies.

WOL, ELORA-WOC, ELORA-WOV, and ELORA-WOU
eliminates the caching of enough LoRAs (Eq. 4), swap cost
(costi in Eq. 5), the visit frequency (visiti in Eq. 5), and the
LRU considerations ((1−sigmoid(ti)) in Eq. 5), respectively.

The bars and curves of Fig. 16 show the TTFT and
TPOT of the four variants normalized to ELORA for the
chatbot, respectively. Other scenarios have similar results. All
variants increase the TTFT and TPOT in all cases. ELORA-
WOL, ELORA-WOC, ELORA-WOV, and ELORA-WOU
averagely increase the TTFT by 1.21X, 1.19X, 1.25X, 1.21X,
respectively, while values for TPOT are 1.11X, 1.09X, 1.15X,
1.14X. Moreover, the decrease of the supported peak load is
9.2%, 7.6%, 10.7%, and 9.3%.

Above results present that each parameter in the cost model
has its individual effect to improve the serving performance.

H. Comparing to Other Cache Replacement Policies

In this subsection, we compare ELORA’s caching scheme
to other advanced policies, including the BFS, RRIP [24],
Hawkeye [23], and HALP [44]. Different from ELORA that
conducts swapping in a DFS way, BFS is implemented by
prioritizing to swap-in/out an entire LoRA branch. The selec-
tion is based on the largest/smallest summation of each node’s
Evali (Eq. 6) in this LoRA branch. For RRIP/Hawkeye/HALP,
we utilize them to replace ERLOA’s cost model, respectively.
Fig. 17 shows the TTFT and TPOT of ELORA and other
caching policies with the Llama2-34B in the chatbot scenario.
Other models and scenarios have similar results.

We can first observe that BFS’s TTFT and TPOT are 2.29X
and 1.54X of ELORA’s on average. The BFS that swaps the
entire branch has coarse granularity compared to ELORA
that swaps each node. Statistics show that a LoRA branch
can occupy up to 35.6% of the GPU memory, causing BFS’s
GPU memory utilization to be reduced by 29.1% compared
to ELORA’s. The large branch swapping of BFS also causes
high PCIE overhead, which is averagely 9.71X of ELORA’s.

Moreover, results show the TTFT of RRIP/Hawkeye/HALP
is 1.35X/1.38X/1.41X of ELORA, while the TPOT is
1.27X/1.31X/1.31X on average. This is because they are
designed for other caching scenarios (e.g., content delivery
network in Youtube [44]). By contrast, ELORA’s caching
scheme is customized for Multi-LoRA serving that incorpo-
rates more effective metrics (e.g., the loaded LoRA quantity).

I. Scalability with Lots of LoRAs

In this subsection, we investigate the effectiveness of
ELORA under thousands of LoRAs, although real-world
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Fig. 18: The TTFT and TPOT of ELORA and baselines with
different combinations of LoRA numbers and distributions.
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Fig. 19: The TTFT and TPOT of vLLM under different GPU
memory allocation ratios for LoRAs in the chatbot scenario.

scenarios always only have tens of LoRAs [62], [4]. We also
use the Llama2-34B model under the chatbot scenario as
examples, and other scenarios have similar results. The LoRA
number is 1000 or 2000, and we set the LoRA distributions
to: 1) Random, each query randomly selects a LoRA to use.
2) Distinct, each query uses an individual LoRA. 3) Skewed-
x, we construct queries using different LoRAs based on the
Gaussian distribution and set different standard deviations x.

Fig. 18 shows the TTFT and TPOT of ELORA and base-
lines, respectively. We can observe that ELORA has the lower
TTFT and TPOT in all test cases, with an average decrease of
48.7% and 21.9%, respectively. The above results present the
scalability of ELORA under a large number of LoRAs.

J. Comparing to vLLM with Oracle GPU Allocation Ratio

In this subsection, we compare ELORA to vLLM with the
oracle GPU memory allocation ratio for LoRAs. We also use
Llama2-34B in the chatbot scenario as examples. We brute-
force profile the GPU memory allocation ratios for LoRAs
with a 0.05 step to get the oracle vLLM’s performance.

Fig. 19 shows the TTFT and TPOT of vLLM under different
GPU allocation ratios in the chatbot scenario. We omit the
data after the ratio of 0.5, since the TTFT and TPOT of vLLM
continuously increase after 0.5. We can observe that the TTFT
or TPOT is first decreased and then increased after reaching
a specific ratio. Moreover, the specific ratio increases with
the increase of the required LoRA number (20, 50, and 100).
Moreover, TTFT and TPOT in this oracle configuration for
vLLM remain higher than those of ELORA, with an average
increase of 38.7% and 24.4%, respectively.
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Fig. 20: The TTFT and TPOT of baselines normalized to
ELORA’s for the Llama2-34B when evaluating on NPUs.

The oracle vLLM is also equivalent to combining vLLM
with S-LoRA (which can unifiedly manage GPU memory
allocation for LoRAs and KV caches). Nevertheless, our
results show that the oracle vLLM remains obviously inferior
to ELORA. It is worth noting that such brute-force profiling
to get the oracle vLLM is impractical in real dynamic serving.

K. Scalability on NPUs

In this subsection, we extend ELORA to NPUs to show the
hardware scalability. We also use the Llama2-34B as examples
here, and test it on four of our in-house NPUs. Each NPU has
256 TFLOPS FP16 and 64GB global memory space, as well
as the interconnected bandwidth of the 4 NPUs is 168GB/s.

Fig. 20 shows the TTFT and TPOT of baselines normalized
to ELORA. ELORA still achieves the lowest TTFT and
TPOT, with an average decrease of 69.8% and 38.4% com-
pared to vLLM, and 49.4% and 26.2% compared to S-LoRA,
respectively. The average supported peak load of ELORA is
increased by 96.1% and 65.3% compared to vLLM and S-
LoRA. These results show that ELORA has strong scalability
and can achieve improvements on various hardware.

L. Overhead of ELORA

Time Overhead: It mainly comes from the dependency tree
matching and updating in the cache manager, and the swapping
decisions of the cache swapper. For the cache manager, we
employ an efficient trie tree for rapid matching and updating,
which is commonly used in other works [26], [64]. Even if the
GPU memory is fully utilized and the size of tree reaches the
maximum, the average overhead for matching and updating of
a query is less than 0.5ms. For swapping memory blocks of the
cache swapper, the overhead during a query inference can be
done within 5ms. The above overheads are acceptable relative
to each query inference, which can take several seconds.

Memory Overhead: ELORA’s cache manager records the
memory address, visit frequency, last recent usage time, and
size of each memory block, with an overhead of just 232Bytes
per 16MB memory block (0.0014%). Moreover, ELORA’s
cache swapper stores the computed costs (Eq. 6) of memory
blocks for swap-in or out decisions, with only 24Bytes per
memory block (0.0001%). Both overheads scale linearly with
the memory block number and are all negligible.

IX. CONCLUSION

In this paper, we propose ELORA to optimize the caching
of LoRAs and KV caches to improve the Multi-LoRA serving
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performance. ELORA’s cache manager maintains the usage
dependencies between KV caches and LoRAs based on a
tree-based scheme with a unified caching pool. Based on
this scheme, the invalid KV caches are eliminated to im-
prove the GPU memory utilization. ELORA’s cache swapper
periodically determines the swap-in or out of LoRAs and
KVs by using the cost model which reflects the benefits to
the performance of queries. The evaluation results show that
ELORA reduces the TTFT and TPOT by 45.7% and 37.8% on
average, respectively, compared to the state-of-the-art works.
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