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Abstract—Considering limited on-device resources, current
practices are attempting to deploy a system-level mixture-of-
experts (MoE)-based foundation LL.M on a mobile device to serve
multiple apps and support mobile intelligence. However, mobile
apps are hard to customize their services that require fine-tuning
adapters associated with the LLM using private in-app data. The
difficulty arises due to both the limited on-device resources and
the restricted control that apps have over the foundation LLM.
To address this issue, in this work, we propose LiteMoE, a novel
proxy submodel tuning framework that supports mobile apps to
efficiently fine-tune customized adapters on devices using proxy
submodels. The key technique behind LiteMoE is a post-training
submodel extraction method, whereby without additional re-
training, we can identify and reserve critical experts, match
and merge moderate experts, to extract a lightweight and
effective proxy submodel from the foundation LLM for a specific
app. To further enhance scalability and adaptability, LiteMoE
incorporates adapter reuse and continuous tuning mechanisms
to handle multi-task requirements and evolving user preferences.
We implemented a prototype of LiteMoE and evaluated it over
various MoE-based LLMs and mobile computing tasks. The
results show that with LiteMoE, mobile apps are able to fine-tune
customized adapters on resource-limited devices, achieving 12.7 %
accuracy improvement and 6.6x memory reduction compared
with operating the original foundation LLM.

Index Terms—Customized LLM Serving, On-Device LLM
Fine-Tuning, Mixture-of-Experts.

I. INTRODUCTION

Large language models (LLMs) have demonstrated powerful
capabilities over various tasks such as question answering [1],
intent understanding [2], and task automation [3]. Diverse
applications built upon LLMs have emerged and greatly im-
proved user experience. Accordingly, there is a growing trend
to deploy LLMs on mobile devices, such as Google’s Gemeni
Nano [4] and Apple Intelligence [5], for low-latency model
responses and privacy-preserving model services [3], [6], [7].
To facilitate smooth user experience on resource-constrained
mobile devices, current practices propose to deploy an LLM at
the system level as a foundation backbone shared by various
mobile applications [8], [9], which can relieve on-device
resource pressure by avoiding developing individual LLMs for
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each app. To further improve resource efficiency, the LLM
usually adopts sparsely activated architectures (i.e., mixture-
of-experts, MoE) [10]-[12] which only activates a small subset
of parameters for inference instead of the entire LLM.

However, a shared foundation LLM fails to provide cus-
tomized services for various mobile apps. Although the foun-
dation LLM has general capabilities, different apps require
distinct specialized abilities to enhance the quality of user
experience. For example, personal assistants aim to under-
stand user intent and plan actions, while note apps focus on
text summarization and generation. This customized ability
can be achieved by inserting app-specific adapters [13] (i.e.,
small trainable modules) into the foundation LLM to enhance
its abilities. However, these customized adapters require on-
device in-app data including user behavioral or environmental
data for fine-tuning and updating, which is very privacy-
sensitive and can hardly be transferred to the cloud (or foun-
dation LLM service providers) for training. On the other hand,
on-device training these app-managed adapters preserves user
privacy, but is hindered by the limited computation and mem-
ory resources. Additionally, under the existing LLM-inference-
as-a-system-service paradigm, mobile apps have no control
over the system-managed foundation LLM, and thus cannot
effectively apply the current advanced algorithms [14], [15]
that need visibility to internal model structures or intermediate
execution results.

In this work, we propose a novel proxy submodel tuning
framework, namely LiteMoE, to support mobile apps in effi-
ciently training and updating adapters on devices. Specifically,
for a given mobile app, LiteMoE efficiently generates a
submodel specialized for the app’s targeted downstream tasks,
which acts as a proxy to the system-level foundation LLM.
The app has full control over this submodel to tune customized
adapters with the latest user data. The resulting adapters can
further be seamlessly integrated back into the foundation LLM
for later customized model serving.

The key of LiteMoE is to efficiently generate lightweight
proxy submodels on devices from the system-level foundation
LIM. Specifically, the generated submodels should satisfy:
(1) efficiency: submodels should be lightweight to fit into
an app’s context memory on devices. (2) effectiveness: a
submodel should be able to inherit specific abilities from the
foundation LLM, and thus can act as a good proxy to fine-tune
customized adapters. Existing model compression techniques,
including generic methods such as model pruning [16] and
distillation [17], and MoE-specific methods such as expert
layer distillation [18] and quantization [19], though effective
to scale down LLMs, are not designed for on-device settings



with limited hardware resources and massive apps, because
they require resource-intensive re-training processes.

To achieve this goal, LiteMoE focuses on compressing
sparse MoE layers, as they constitute the majority of model
parameters and memory footprint. The key observation is that,
though multiple experts significantly enhance LLM perfor-
mance, not all experts are equally important for a specific
downstream task. This is because the experts are trained
to handle different subspaces of the overall feature space,
excelling at distinct tasks. Therefore, we can compress the
sparse MoE layers by removing the non-critical experts.

Nonetheless, refining experts raises two design challenges.
First, modeling expert-task correlations and then evaluating
expert importance is difficult. MoE-based LLMs typically
contain tens to thousands of experts [20], [21] that collectively
handle a wide range of mobile computing tasks. Within this
vast expert-task space, identifying the capability of a specific
expert and assessing its importance with respect to a targeted
task is a non-trivial problem. Second, simultaneously meeting
the requirements of compact model sizes and effective LLM
proxies is difficult. Experts are trained to collaborate for
achieving superior LLM performance over various tasks. Sim-
ply removing any expert could lead to performance degrada-
tion, making it challenging to create effective proxy submodels
under stringent on-device resource constraints.

To overcome the above challenges, LiteMoE features a post-
training submodel extraction (PTSE) technique that efficiently
extracts proxy submodels from the foundation LLM without
necessitating additional model re-training. PTSE contains two
main components: important expert identification and selective
expert merging. In the first component, we identify that the
routers within MoE layers can act as key indicators for mod-
eling expert-task correlations. The statistics of router outputs
(i.e., the probability of dispatching tokens from a certain
task to various experts) imply informative patterns about this
correlation, thereby can be leveraged to estimate the expert
importance. Then, to avoid inferring the heavy foundation
LLM to obtain router outputs across different MoE layers,
we reveal a strong correlation between router outputs across
layers, and design a lightweight predictor to directly derive the
router outputs at deep layers from those at shallow layers. In
the second component, using the predicted importance scores,
we remove the unimportant experts and merge the moderate
experts into the critical experts to generate a lightweight but
effective submodel. We first introduce an expert matching
method to identify the experts with similar abilities, guaran-
teeing their merging to create performance-enhanced experts.
Then, to merge the knowledge of the matched experts, we
introduce an expert merging method that first aligns the hidden
representations of the experts, and then applies importance-
aware parameter aggregation, thereby reducing model sizes
but still preserving performance.

We have implemented a prototype of LiteMoE on modern
edge devices with various hardware resources, including high-
end devices like NVIDIA Jetson Nano (GPU) and low-end
devices like Raspberry Pi 4B (CPU). We evaluate LiteMoE
through extensive experiments across 3 MoE-based LLMs and
8 representative mobile computing tasks. The results show that

LiteMoE is able to generate proxy submodels in around a
minute, which preserves over 90% of the performance of the
foundation LLM with up to 6.6 x model size reduction. With
these proxy submodels, mobile apps can tune or update their
customized adapters, achieving 12.7% performance gains for
on-device LLM services.

For the first time, LiteMoE addresses the issue of on-device
fine-tuning system-level LLMs, enabling on-device LLMs to
provide more customized and resource-efficient services. We
summarize the contributions of this work as follows:

o We propose a novel proxy submodel tuning framework for
mobile apps to access proxy submodels of the system-level
foundation LLM, facilitating efficient on-device LLM fine-
tuning for customized LLM services.

o We study the intrinsic characteristics of experts and tasks,
and design a post-training submodel extraction approach
without additional model training by dynamically identi-
fying, matching, and merging experts within MoE-based
LLMs. Thus, we are able to obtain specialized submodels
on the fly with affordable on-device resource overhead.

o We further address scalability and robustness challenges
by enhancing LiteMoE with effective adapter reuse and
continuous update mechanisms, thereby enabling efficient
multi-app tuning and agile adaption to dynamic user be-
haviors and preferences.

o We prototype LiteMoE and comprehensively evaluate its
performance on off-the-shelf devices. The results demon-
strate the effectiveness of our approach and the potential
in facilitating the quality of service of on-device LLMs.

II. BACKGROUND AND MOTIVATION

A. Serving LLMs on Mobile Devices

On-device LLMs. Large language models (LLMs) repre-
sented by ChatGPT [1], Llama 2 [22], GPT-4 [23], Gem-
ini [24], etc., have largely changed the landscape of mobile in-
telligence, benefiting from their superior capabilities in taking
various modalities and solving a wide range of tasks. Taking
the personal assistant as a representative example [2], LLM-
powered smart agents significantly advance the ability of user
intent understanding, tool using, and mobile task automation.
Therefore, on-device LLMs serving is an important step to-
wards democratizing mobile intelligence due to its advantages
of privacy protection, cost efficiency, and availability.

To improve the usability of on-device LLM, existing works
have made remarkable progress in both algorithms and hard-
ware. For example, various compact LLM architectures (such
as Gemma [25], TinyLLaMA [26], MobileLLM [7], etc.) are
proposed to fit in limited on-device memory. Edge hardware
vendors also presented specific hardware and development kits
to support on-device LLMs, including Qualcomm Snapdragon
8gen3 [27], NVIDIA IGX Orin platform [28], and Intel’s
support on LLM inference on CPUs [29].

On-device LLM serving. As Al-powered mobile apps grow
rapidly, maintaining each app an independent LLM is not
feasible due to limited on-device resources. A promising way
is to employ a unified foundation LLM on a device to serve
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Fig. 1. Illustration of sparse Transformers and parameter-efficient adapters
inserted into the Transformer blocks.

various mobile apps [6], [8], termed a model-as-a-system-
service paradigm. This paradigm has been made possible by
the recent advances of LLMs that have emerged with powerful
generic capabilities to support various downstream tasks with
a single LLM backbone. Due to the app-independent nature,
this foundation LLM can be managed by the operating system
(OS), and expose service APIs for mobile apps to invoke. Apps
can send texts (i.e., prompts) to query the foundation LLM
via service APIs, and get responses generated by the LLM.
A representative example of this paradigm is AlCore [9],
a system service proposed by Google that provides access
for mobile apps to Gemini Nano [24] on the device. It also
provides limited flexibility to fine-tune the foundation LLM
for apps via the LoORA method [30]. Apple [5] also provides
toolkits to help developers integrate on-device LLM inference
into mobile apps.

B. Customizing On-Device LLM Serving

Large language model adapters. To provide app-specific
customized model services, apps can provide adapters to
interact with the foundation LLM [13], [30]. Here we briefly
introduce LLM adapters for parameter-efficient fine-tuning
(PEFT) [13], [31]. Adapters are independent trainable modules
inserted into the foundation LLM to enhance its ability on
specific tasks. The main purpose of employing adapters is two-
fold: (1) the first is to reduce tunable parameters when fine-
tuning foundation LLMs to downstream tasks. (2) the second is
to tackle system challenges such as limited on-device memory
and computation resources. With adapters, fine-tuning LLM on
devices becomes possible.

We show a popular kind of Transformer adapters in Figure
1. An adapter typically comprises a down-projection layer
followed by a non-linear layer and an up-projection layer.
After forwarding through these layers, the hidden states are
further added via a residual connection. As such, the function
of an adapter can be expressed as: h < f(hWaown)Wayp + A,
where h is the hidden states, and Wyoyn and W, are
weight matrices of the adapter. When fine-tuning LLMs with
downstream data, the foundation LLM is frozen, and only
parameters in the adapters are trainable. As the adapters only
have less than 1% parameters compared to the foundation
LLM [13], [30], the memory and computation required for
fine-tuning can be dramatically reduced. The rationale behind
this lightweight adapter design is that the foundation LLM is

powerful enough with its world knowledge, and the adapters
only need to encode task-specific representations to enhance
the foundation LLM in the targeted downstream tasks.

Motivation of proxy submodel tuning. To customize LLM
services for the targeted tasks, apps could fine-tune adapters
with in-app data collected during user-app interaction. This
data is highly privacy-sensitive, making it unsuitable to send
to the cloud server for tuning. Thus, on-device tuning is a
potential solution. However, existing methods are still hard
to achieve due to the following challenges. (i) The system-
managed foundation LLM is a black box for mobile apps.
That is, apps could only use inference APIs to interact with the
foundation LLM, while having no visibility and control over
its internal architecture or intermediate execution results. This
hinders apps from applying various adaptation methods such
as inserting modules into the LLM. Moreover, different down-
stream tasks prefer different kinds of PEFT algorithms and
hyperparameters [14], [32], which is also hard to operate under
the current paradigm. (ii) Even with adapters, the resource
overhead of on-device fine-tuning the foundation LLM is
still prohibitively expensive. This is because storing the LLM
parameters alone already takes up a large amount of memory
budget, leaving little capacity for training requirements such
as storing activations, gradients, and intermediate states of
optimizers [33], [34]. For instance, the LLM parameters could
occupy 90.1% of total memory for fine-tuning, estimated
by our memory model (detailed in Appendix). Therefore,
this fine-tuning process is highly limited by the large-scale
LLM, and could face complex parameter offloading and I/O
scheduling problems [11], [12], which have not been fully
solved in the on-device fine-tuning scenario.

To tackle the above issues, we propose a proxy submodel
tuning paradigm to enable mobile OS to dynamically expose
lightweight and specialized submodels to apps. These submod-
els are extracted from the system-level foundation LLM, acting
as effective proxies to the foundation LLM with respect to
certain downstream tasks. This paradigm brings the following
benefits: (1) the submodels are lightweight, tailored for the
apps, and thus can act as the role of LLM for customized
fine-tuning with much less resource overhead. (2) With this
paradigm, mobile apps have full control over the submodel,
and thus can flexibly employ various PEFT algorithms for
fine-tuning. Once the fine-tuning process finished, the obtained
adapters within the submodel could be seamlessly integrated
into the foundation LLM. As such, this paradigm is able to
offer efficient and effective on-device LLM fine-tuning for
customized LLM services.

C. MoE-based LLMs and Opportunities

MokE-based LLMs. The sparsely-activated MoE architec-
ture is well-suited for edge devices, as it not only enjoys
the model performance gains brought by the large model
size [35], but also avoids correspondingly increased computa-
tion overhead. For example, GLaM [36] augmented with MoE
achieves around 7 times of parameters than GPT-3, while it
only consumes 1/3 of energy for training, and requires 1/2 of
computation FLOPs for inference. This comes from the MoE’s
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advantage of conditional computation, where for each token
only a small subset of parameters are activated for inference
or training.

As shown in Figure 1, the MoE architecture is typically em-
ployed to replace dense FFN layers inside Transformer blocks
of LLMs. A common MoE-based sparse FFN comprises a set
of experts, each of which is also a FFN, and an independent
router module. For each input token, the router decides which
expert to activate out of all potential experts. Formally, the
function of a sparse FFN with respect to input token = can be
formulated as:

@) =3 R(),Ei(x), A = Top-k(R(z)), (D)
i€A
where F; () is the function of the ith expert, and R(x) denotes
the router function.

Observation 1: sparse FFNs dominate resource costs.
Despite the benefits of MoE-based sparse FFNs, they have
much higher memory and time costs compared to other layers
within LLMs. Taking Switch Transformers [21] as an example,
we break down these costs in Figure 2. (i) There are more
than half of the parameters of LLMs are within sparse FFNs,
and the portion increases with the number of experts. For
example, sparse FFNs each with 32 experts take up 89.7%
of the parameters of the LLM. (ii) Executing sparse FFNs on
devices also brings high latency even under this conditional
computation method. This is because the device is hard to hold
all parameters in memory, thus introducing additional I/O costs
for loading expert parameters from disks [11], [12]. Therefore,
it is critical to optimize the sparse FFNs to reduce costs for
on-device model execution and fine-tuning.

Observation 2: expert activating frequencies are unbal-
anced and dynamic. As shown in Figure 3, we analyze the
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Switch Transformer with 8 experts per sparse FFN (denoted as
Switch-8), and visualize expert activating frequencies across
several downstream tasks. We have two observations. (i)
First, not all experts are equally activated, reflected in highly
unbalanced activating frequencies for a given downstream task.
For example, for the multi-genre natural language inference
(MNLI) task, there are 38.5% of experts on average are barely
used, and only 19.8% of experts are “heavy-hitters” that are
very frequently activated. Other sparse models exhibit similar
statistics: Switch-16 and Switch-32 have 40.1%, 36.2% cold
experts and 18.2%, 23.7% heavy-hitter experts, respectively.
(i) Second, expert activating frequencies are also different
across tasks, following strong task-specific patterns. For ex-
ample, there are only 26.3% of heavy-hitter experts overlap
between the MNLI task and the CoLA task. Intuitively, al-
though MoE-based LLMs are trained to have general abilities,
the experts within sparse layers are only trained to handle
different subsets of tokens, and thus specialize in different
abilities. Note that the heavy-hitter experts could also change
dynamically, as users could switch mobile apps in use or focus
on different downstream tasks.

Opportunities in generating lightweight proxy submod-
els. Based on the task-specific sparse activating patterns of
sparse FFNs, we have opportunities to extract lightweight
submodels for downstream tasks that the current apps focus
on. A naive solution is to simply remove the experts with low
activating frequencies. However, our preliminary experiments
reveal that this way cannot scale down the large LLM while
preserving specific abilities simultaneously. The resulting sub-
model is not a good proxy for the large LLM, and thus could
compromise the effectiveness of tuning customized adapters.
Specifically, in Figure 4, we show the relation between the
percentage of simply removed experts and the resulting model
performance. The removal percentage could be roughly di-
vided into 3 regions: (i) cold experts: in the left region with
activating frequency less than a threshold a. Removing cold
experts has a negligible impact on the model performance.
(i) moderate experts: in the middle region with activating
frequency range from « to 3. As more experts are removed,
those with moderate activating frequencies but not critical
ones are removed. This leads to a gradual decline in model
performance as the number of removed experts increases. (iii)
hot experts (heavy hitters): once the removal rate surpasses the
Bp point, where some heavy hitters are removed, the model
performance is significantly impaired. To conclude, the simple
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Fig. 5. Overview of LiteMoE framework.

expert removing method either lies in the left region, achieving
only limited compression rates, or moves into the middle-right
region, where model performance deteriorates significantly.
Either way fails to produce a lightweight and effective proxy
submodel.

To tackle this issue, our idea is to reach, even surpass the
removing percentage of the [, point while keeping model
performance in the left region at the same time. This could
be achieved by first judiciously identifying experts within
different groups with respect to the targeted tasks, and then
removing cold experts, selectively transferring the knowledge
of the moderate experts to the heavy-hitter experts by a newly
designed expert merging method. Finally, we only retain the
enhanced heavy-hitter experts, obtaining a lightweight and
effective proxy submodel for mobile apps to further train
customized adapters.

III. DESIGN OF LITEMOE
A. Overview

LiteMoE is an on-device LLM tuning framework that
enables mobile apps to continuously fine-tune customized
adapters on resource-limited devices. Figure 5 shows the
general working pipeline of LiteMoE. Given a query from
a mobile app (D)), LiteMoE responds with a proxy submodel
extracted from the system-level foundation LLM using Post-
Training Submodel Extraction (PTSE) (-@). The proxy
submodel is specifically tailored according to the targeted
tasks of this app. The app can further fine-tune or update
its customized adapters with this proxy submodel using the
fresh data collected during user-app interaction (). The
customized adapters can be inserted back into the foundation
LLM to provide better user experience (©)), while the memory
of the proxy submodel can be released once the fine-tuning
process is complete.

The key to the success of this pipeline is to generate a
sufficiently good proxy submodel, which is achieved by our
post-training submodel generation module, as shown in the
right part of Figure 5. This module works with an offline
stage and an online stage. In the offline stage, we profile
expert characteristics via Expert Importance Modeling and

Post-Training Submodel Extraction

Expert Similarity Evaluation, to prepare for the online proxy
submodel extraction process. This stage only corresponds to
the foundation LLM, and thus can be performed on the cloud.
In the online stage, when LiteMoE receives an app query, it
first conducts Important Expert Identification that evaluates
experts’ importance scores with respect to the targeted down-
stream tasks of this app. Then, LiteMoE identifies the heavy-
hitter experts to keep in the submodel, and removes the other
experts. To recover performance drops due to the removed
experts, it further carries out selective expert merging by first
matching removed experts to the retained experts according to
their similarities with Similarity-based Expert Matching, and
then performing Alignment-based Expert Merging to aggregate
the parameters of the removed experts into the retained experts.
As such, the retained experts are further enhanced, and thus
the resulting lightweight submodel can effectively preserve
specific abilities from the foundation LLM.

B. Customized Expert Identification

To generate a proxy submodel, we first need to identify
important experts within sparse FFN layers for the targeted
task. We formally define the importance score of the expert
k with respect to a given task D; as its overall activation
probability under the inputs of this task, ie., P(E]E:l)|Dj).
We can use the activation frequency determined by the router
outputs to estimate this probability. As such, the importance
score of expert k can be written as:

l l l
fimportA(E](g”Dj) = P(El(c)|D]) ~ Z Rgg)(xz)a
z;€D;

2

where R(z;) is the router outputs (i.e., routing probabilities)
with respect to token x;. However, R())(-) can only be obtained
by forwarding inputs to the LLM and calculating the router
outputs of sparse FFNs layer by layer. A naive way is to
feed all user data to the foundation LLM to get the routing
probabilities, but this method incurs large additional computa-
tion overhead, and could break on-device resource limitations.
Therefore, to calculate the expert importance, a lightweight
and precise prediction method is needed.
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Fig. 6. Cross-layer correlation of activating experts, and the prediction results
based on this property. This experiment uses a Switch Transformer with 8
experts in each sparse FFN and GLUE benchmark.

Fortunately, we observe that router outputs of different
sparse FFNs exhibit strong cross-layer correlations, based
on which we can avoid inferring the large foundation LLM
to obtain experts’ importance scores. The correlation reveals
that a subset of experts located across different sparse FFNs
tends to be activated simultaneously in response to the same
input tokens. Figure 6 (a) exemplifies this correlation, with
deeper colors representing a higher probability of activating
the corresponding experts. We can observe that the experts
activated in the 3rd sparse FFN are highly conditioned on
those in the 1st sparse FFN. For instance, a token that
activates expert 3 in the sparse FFN 1 is very likely to also
activate expert 4 in the sparse FFN 3, with a probability
of P(Eis)\Eél)) 75.4%. Additionally, our experiments
(detailed in Section V-D) demonstrate that the router output
distribution of the Ist sparse FFN encodes sufficient informa-
tion to predict the routing probabilities of deeper sparse FINNs
with high precision, with Figure 6 (b) showing an example
for the prediction performance. Therefore, we first model this
correlation using a function F : RMW — RO Then, for a
given input z, the routing probability of R(") can be predicted
as RO (z) = F(RW(z)). Thus, the overall expert importance
with respect to D; can be calculated as:

fimport.(E;il”Dj) = Z ‘F(R(l)(CCL)) (3)
r;€D;

Cross-layer expert correlation modeling. To learn the
function F, we employ a compact predictor, i.e., a two-layer
MLP, to predict the routing probability for each sparse FFN
within the foundation LLM. The predictor adopts a multi-
head model structure, where each output head predicts the
routing probability of a certain sparse FFN. This design not
only reduces the predictor size, but also can enhance prediction
accuracy benefiting from the multitask learning regime.

To train this predictor, we further generate a synthetic
dataset with routing probabilities of the first sparse FFN
(RM) as input features, and routing probabilities of the other
sparse FFNs (R()) as labels. This routing dataset can be
collected using public data on the cloud server during LLM
pre-training. We adopt a distillation loss with an additional
Kullback-Leibler (KL) divergence term adding to the final
loss function [17]. This approach leverages the complete
distribution information within the routing probabilities, rather
than solely relying on the final expert activating results, which

are the top-1 results of the routing probabilities. Essentially, we
distill knowledge from multiple routers across different sparse
FFNs, and integrate this information to develop a precise yet
compact predictor that models cross-layer expert correlations.

Online customized expert identification. In the online
stage, we combine the trained predictor with shallow layers
of the foundation LLM (up to the first sparse FFN), forming
an end-to-end predictor. With this end-to-end predictor, the
expert importance scores with respect to a given mobile app
are obtained as follows. First, the app j calculates the routing
probability R()(x;) using sampled app-specific private data
Dj collected during user interaction, and then leverages the
predictor to calculate experts’ importance scores following
Equation (3). Second, the predicted expert importance scores
which encode the information of targeted tasks are returned
to OS to assist in later proxy submodel extraction. Note that
the above processes are resource-friendly, as the end-to-end
predictor has less than 1% of parameters compared to the
foundation LLM, and only parameters of the multi-head MLP
are additional.

C. Selective Expert Merging

Based on the distribution of expert importance for a specific
mobile app, LiteMoE is able to customize a proxy submodel
for this app as follows. First, given a sparse FFN, we denote its
expert set as £ = {E1, ..., E,}, where n is the total number
of experts within this layer. We divide £ as two subsets 7
and R, where T = {fimport.(Ei) > a|E; € £} represents
the experts whose importance scores larger than a pre-defined
threshold value o, and R = £ \ T denotes the remaining
experts. We can directly remove experts in R, as these experts
have negligible contributions to the model performance with
respect to the targeted task (Section II).

Second, the importance scores of the experts within 7T
are biased, leaving an opportunity to further improve the
parameter efficiency of sparse FFNs. Specifically, only several
experts (even only one in some cases) are heavy hitters which
deal with most incoming tokens, and are dominant to the
overall model performance. We denote the heavy-hitter experts
within the sparse FFN as Tj, = { fimport.(E;) > B|E; € T}H.
The remaining experts within 7 have moderate importance,
denoted as 7, = T \ T, where removing them would impair
model performance to some extent. Decisions of whether to
keep these experts form a Pareto frontier indicating the trade-
off between model performance and resource costs.

Our goal is to remove the experts in 7. to further compress
the proxy submodel without compromising performance. In-
spired by model ensemble techniques [37], [38], we propose
selective expert merging to integrate the expert knowledge into
fewer, enhanced experts. Specifically, we judiciously merge
the parameters of the experts in 7,. with those in 7j. The
merged experts can inherit their original abilities while also
being enhanced with the abilities of other experts, allowing
them to serve targeted tasks independently.

Yo and B are hyperparameters that can be tuned according to performance
requirements. We perform sensitivity analysis with respect to these two
hyperparameters and provide the guideline for the selection of their values
in Section V-E.



To achieve this goal, two challenges arise: (i) how to
determine the expert mapping from 7, to 7,. The reason
behind this purpose is that experts exhibit token-level or
task-level specializations after model training [21], [39], and
have different abilities from each other to varying degrees.
Merging two or more experts with quite distinct specializations
into one could harm the resulting expert’s ability, leading
to poor model performance. (ii) How to effectively merge
expert parameters given two Or more source experts to be
merged. Simply averaging the parameters of the experts fails
to preserve expert abilities, as the experts are initialized and
trained separately, therefore their parameters do not have one-
to-one correspondence for effective merging.

To overcome the above challenges, the selective expert
merging technique comprises two steps: similarity-based ex-
pert matching and alignment-based expert parameter merging.
The former step matches experts in 7, to experts in Tj
based on their similarity in abilities exhibited during model
training and inference. The latter step merges the matched
experts into one by first aligning their neurons to have aligned
hidden representations, and then employing importance-aware
weighted averaging to their parameters.

1) Similarity-based expert matching: The experts within a
sparse FFN are trained by different subsets of the corpus,
typically sharing some common knowledge while developing
distinct abilities, similar to multitask learning. Therefore, the
key to merging experts into one is to merge the experts
with high similarities to further enhance their ability, while
mitigating the interference of noises or conflict knowledge
from experts with large discrepancies.

To this end, given expert sets 7,. and 7j, we can formulate
the similarity-based expert matching problem as a weighted
bipartite matching problem as follows. Consider a weighted
bipartite graph G = (7., T, D), where T, T}, represent the
two sets of vertices to be matched, and D denotes edges with
weights H defined by expert similarities (illustrated in Figure
7). The problem is to find a sub-graph S C G representing
the matching from the experts in 7, to 7 that maximizes the
overall similarity. We denote a column vector X € RI7-I7xl
of 0-1 variables to represent expert matchings, with x;; = 1
indicating expert ¢ is matched to expert j. The constrained
matching problem can be expressed as:

m}zgx H-X

st. A-X; <LVie{l,... [T}
A- X <dYie{|T|+1,....|T| +|Tal},
x5 € {0,1},V4,5,1 <i <|T|,1 < j <|Thl,

where A is the incident matrix of the bipartite graph [40]. The
first constraint denotes that each noncritical expert (F; € T,.)
can only be merged into one critical expert (£; € 7). The
second constraint denotes each expert within 7} can receive
at most d incoming expert within 7, to be merged. This
constraint aims to prevent experts within 7;, from overloading
which would compromise the effect of expert merging.
Offline expert similarity evaluation. To complete the
above matching problem, we now consider how to evaluate the
similarity between experts. Since an expert network features
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Fig. 7. (Left) Illustration of similarity-based expert matching. (Right) The
similarity metric based on routing probabilities (k = 0.2).

essentially a feed-forward layer with two weight matrices for
input and output projection, one would consider defining the
similarity between two experts as the distance between their
weight matrices. However, the weight matrices lie in extremely
high dimensional space due to high hidden dimensions in large
MoE-based LLMs. The traditional distance metrics are less
effective and compute-intensive in such a high dimension.
Fortunately, the router trained for coordinating experts en-
codes the information of experts’ abilities, and thus can be
used for evaluating the similarity between experts. Specifically,
in the offline stage, we record the routing probabilities R(zy)
for the input tokens x € D. The similarity between expert
E; and E; with respect to an input token xy is defined as:

sfj = min{R(zx):, R(zk); }/(max{R(zy):, R(zk); } + £). (5)

As illustrated in Figure 7 (right), the intuitive is that two
experts with high routing probabilities for the same token tend
to have higher similarity than those with low routing probabil-
ities. The constant & is to adjust the relative weight of routing
probabilities. The overall similarity between two experts is
the average over all the evaluated tokens: s;; = ). sfj, Vi, j.
Note that this calculation only needs to be performed once for
an LLM, and can be pre-calculated in the offline stage.

To solve this weighted bipartite matching problem, we
can reduce it to a transportation problem in the form of
linear programming [41]. As such, this problem can be solved
efficiently with polynomial time algorithms.

2) Alignment-based expert merging: Given a specific expert
E; € Tj, and m experts {E;}™ C 7, matched to E; according
to the above expert matching result, we now consider merging
experts {£;} into expert E; to enhance expert ability without
complex retraining processes and training data. The matched
experts share more common knowledge, thereby properly
merging them could complement the expert ability while
reducing resource overhead [42], [43]. However, it is difficult
to identify or quantify knowledge within experts since it is
deeply encoded in their parameters. Simply averaging expert
parameters, though efficient, fails to capture this information.
The underlying reason is that experts adopt fully connected
networks, which are permutation-invariant. That is, even two
experts having exactly the same function may differ in neuron
permutations and thus in weight matrices. To solve this prob-
lem, we propose an alignment-based expert merging method.

Align experts’ hidden representations. An expert within
MoE layers is a dense FFN whose function can be expressed
as fp(z) = d(aWINW R, where W) € Rinxh W) ¢
R *dout are weight matrices for input and output projection,
respectively, and ¢(-) is the activation function.

We first analyze the permutation invariance property



of FFNs. We write the weight matrices as W) =
(a",aq,---,a}), WP = (by,ba,---,by)T, where {a;}
and {b;} are row vectors, and h is the number of hidden
neurons. The function of the FFN can be written as fg(z) =
ZZ L ®(zaj )by. For any permutation 7 to the neurons in this
FFN, we denote the permutatlon matrix as Py, and permuted
weight matrices are wo =w Wp,, w® = P,W®. As
the summation operation is permute-invariant, the permuted
function fg_(x) = 22:1 (b(xa;r(k))bﬂ(k) = ZZ:1 d(za] )by
is equal to fg(x). Therefore, to merge experts effectively,
we need to permute their neurons to have aligned hidden
representations. Specifically, given two experts p and ¢ whose
weights are W,El) and Wq(l),l = 1,2, we aim to find the
optimal permutation P* that after permuting neurons of expert
p, the distance between the resulting weights W( ) and W(l)
is minimized.

To solve the permutation P*, there are different types
of aligning techniques, such as hard-aligning [44] and soft-
aligning [45]. We employ the soft-aligning strategy for ex-
pert merging to take advantage of its flexibility in modeling
soft correspondence between neurons and efficient solving
algorithms. Specifically, the neuron alignment problem is
formulated as an optimal transportation (OT) problem as:

mgn tr(P'C ZPZJCU
Zp_:lv'e{m h}
i ij h7 J E Rt ’ (6)
1.
Zﬂj:E,v’Le{172a”'vh’}v
J

where C' € R"*" is the cost matrix defined as the opposite
number of similarities between neurons in the two experts. We
define Ci; := % (||af —all|2+]|bf —b?||2), which is the average
Euclidean distance between corresponding weight vectors of
neurons % and j. Intuitively, this formulation aims to optimally
“transport” neurons in expert p to expert ¢ with the minimal
cost, i.e., the maximal total neuron similarities. Under the form
of optimal transportation, there are estimated solvers, either
exactly or approximately, for efficiently calculating P* [46].

Expert parameter merging. With the aligned expert pa-
rameters, we are able to merge experts by importance-aware
weighted averaging. Specifically, for a given expert F; € Tj,
and m matched experts {Ej}m C 7,., we calculate the merged
expert parameter matrices as:

1
W Eyw + W), a
C FEy s U Zf @
where f(E;) denotes the importance score fimport.(E;) of

expert 4, | € {1,2}. With this merging strategy, the merging
weight of the critical expert I; is dominant, as this expert
accounts for most input tokens. Other expert parameters
are used to update E;’s parameters with stepsizes as their
corresponding importance scores. Our experiments show this
strategy can effectively balance the original and newly merged
expert abilities.

Update routers for updated experts. After selective expert

merging, the router should also be updated correspondingly
to adapt to the new set of experts. We introduce a masked
expert routing mechanism to update the router. The original
routing probability can be calculated as r = Softmax(xWg),
where Wg is the parameter matrix of the router. We apply
a mask matrix M € R™*"™ on original routing probability,
obtaining ' = rM, where M is essentially a permutation
matrix obtained according to the expert matching result X* in
Equation 4, wherein M;; = 1 represents expert i is redirected
to expert j.

After the above procedures, we obtain lightweight yet effec-
tive proxy submodels for subsequent fine-tuning. Furthermore,
to provide insights into the optimization space and upper
bound of LiteMoE’s design, we conduct a theoretical analysis
of memory consumption during on-device fine-tuning using a
memory model, and perform a case study using Switch Trans-
formers. Detailed discussions are provided in the Appendix.

IV. SCALABILITY AND ADAPTABILITY EXTENSION

The above design focuses on tuning a customized adapter
for a single mobile app, however, most devices host multiple
apps, requiring multiple distinct adapters. Even for a single
app, its adapter needs to be continuously updated to align with
evolving user preferences for high-quality LLM services. In
this section, we extend LiteMoE to accommodate multi-app
and continuous tuning scenarios.

A. Multi-App Extension

Fine-tuning customized adapters for apps one by one with
LiteMoE introduces both scalability and performance issues.
First, the tuning time increases linearly with the number
of apps. Such inefficiency makes it difficult to meet uses’
expectations for prompt customization, thus compromising
user experience. Second, this approach may lead to suboptimal
outcomes for data-scarce apps, which are prone to overfit-
ting. These issues mainly stem from neglecting of cross-task
correlations. While different apps require distinct adapters,
they often share some commonalities in task characteristics
(e.g., summarization and user intent understanding) and user
personal information (e.g., preferences and language style).
Exploiting such multitask relation can effectively reduce tun-
ing time and resource overhead [30], [47], [48].

To leverage the cross-task relation for efficient multi-app
tuning, we equip an on-device adapter zoo for LiteMoE.
Rather than tuning each adapter from scratch, we reuse the
previously tuned and related adapters as the foundation for
tuning a new adapter. Additionally, newly tuned adapters
are incorporated into the zoo for future use. We represent
the adapter zoo as £ = {Z;,Z5,---,Z,}. Each entry Z,
is a pair of (key,value), where key is a feature vector V;
associated with a specific downstream task, and value is the
corresponding adapter parameters®> W 4,. We describe the zoo-
augmented fine-tuning workflow as follows.

2In practice, the “adapter” for a downstream task is actually a set of adapters
residing across different LLM layers. Here we only use a weight matrix W4
to represent these weights for clarity and simplicity.



Workflow of fine-tuning with the adapter zoo. (1) Re-
trieve related adapters. Before tuning a new adapter, LiteMoE
queries the adapter zoo to retrieve the top-p related adapters
for the current task g, using its feature vector V as the query.
The task relatedness is defined as:

Relatedness(taskg, tasky) « VqT Vi, Ve e Z. (8)

(2) Initialize a new adapter. The parameters of the retrieved
related adapters are averaged and used to initialize the new
adapter. This informed initialization facilitates a warm start
for model training [47]. Specifically, starting from a favorable
region of the loss curve can accelerate the fine-tuning process.
(3) Fine-tune the adapter. The new adapter is tuned using
proxy submodel tuning. (4) Update the adapter zoo. After tun-
ing, the adapter is added to the adapter zoo as Z, = (V, Wa,),
enabling its reuse to expedite subsequent adapter tuning tasks.

Defining feature vectors for relatedness measurement.
To complete the above design, we define the feature vector
V, for a given task g. Encoding a task’s information into a
feature vector is a non-trivial problem, while fortunately, every
task has its unique expert importance distribution, which can
serve as its feature vector for relatedness measurement. As
such, we define V, as V, = [v,] € RNE where v, =
Fimport. (BY|Dy). Since fimpore.(EY|Dy) is already ob-
tained in identifying customized experts (Section III-B), this
process does not incur additional computation.

B. Continuous Adapter Tuning

Static adapters may not consistently deliver optimal perfor-
mance over time, as users are subject to dynamic environ-
ments, and exhibit changing behaviors and preferences. The
resulting shifts in data distribution require adapters to keep
learning and evolving over time [49], [S0]. To achieve agile
updating while mitigating the potential overfitting problems
during periodic tuning, LiteMoE employs tuning-time alterna-
tive optimization and serving-time ensemble inference.

Tuning-time alternative optimization. We first analyze the
learning objective and show the sources of performance loss.
Fine-tuning an adapter involves minimizing the empirical loss
over the target dataset: Leyp(Wo; Wo, D), where W, and
Wy denote the adapter and LLM parameters, respectively. For
proxy submodel tuning, we first compress Wy into a proxy
submodel W (with a compression 10ss Lcomp(W(; Wo, D)),
then minimize the empirical loss over Wg: L., (W,; Wy, D).
The final loss is a combination of these two terms: Ly, =

H(Lecomp, Limyp)- As time progresses from ¢ to (¢ + 1), model

emp £(t+1)

performance degradation arises from two sources: (i) Lcomp,

where the proxy submodel Wé(t) no longer serves as a good
proxy at time step (¢ + 1), and (ii) E’e(,tn;l), where the adapter
parameters Wét) is outdated with respect to the new data
distribution D(*+1).

While directly analyzing or optimizing c%} ) is intractable
due to the complex interdependencies of the influencing fac-
tors, we adopt an alternative optimization strategy for con-
tinuous adapter fine-tuning. (1) Optimize L&Zi,}) while fixing

ét). During LLM serving with adapter 5) we record
the activation frequency of each expert, fimpm,t_(E|D(t+1)),

a >

which will serve as an updated importance estimation for the
next time step. Based on the updated importance, LiteMoE
minimizes the L., by employing PTSE to extract a new
proxy submodel Wé(tﬂ). (2) Optimize /jé(ﬁfgl) while fixing
W(;(H_l) . Using the new proxy submodel, LiteMoE updates the
adapter through standard fine-tuning processes with gradient
back-propagation, yielding a new adapter, Wétﬂ

Serving-time ensemble inference. To alleviate overfitting
due to limited fine-tuning data, LiteMoE aggregates the out-
puts of adapters from multiple time steps during inference.
Specifically, at time steF t, rather than forwarding inputs
solely to the adapter Wat), LiteMoE forwards the inputs to
w adapters from time step (¢ —w+ 1) to ¢, and averages their
individual outputs to produce the final output, where w is the
window size. This ensemble strategy has been shown to be
effective in enhancing model performance and robustness [51],
[52], while incurring negligible additional computation costs
due to the lightweight nature of the adapters.

V. PERFORMANCE EVALUATION
A. Methodology

Implementation. We have built a prototype of LiteMoE
using Python. We use PyTorch [53] as the base DL framework,
and HuggingFace Transformers [54] and PEFT libraries [15]
as the NLP toolbox for LLM and adapter implementation,
respectively. For the experiment testbed, we use a Linux server
equipped with 4 NVIDIA 3090 GPUs to act as the cloud
server for offline model profiling, including expert contribution
predictor training and expert similarity evaluation. We evaluate
LiteMoE’s online performance on two popular edge devices:
NVIDIA Jetson Nano (GPU) and Raspberry Pi 4B (CPU).
Both of them are equipped with 8GB total memory capacity
and 64GB disk storage.

Downstream tasks, datasets and foundation LLMs. We
evaluate LiteMoE over classic NLP downstream tasks from the
GLUE benchmark [55] which is a standard multi-task bench-
mark for natural language understanding. GLUE contains 9
classification or regression tasks and datasets from different
categories such as sentiment analysis and natural language
inference. For foundation LLMs, we employ three MoE-based
LLMs with different numbers of experts and thus different
model scales for evaluation. These models are based on Switch
Transformers [21], a popular sparse Transformer following the
encoder-decoder architecture. The sparse FFN layers are added
at every other FFN layer within Switch Transformer. For a
token, only one expert will be activated for processing (top-
1 routing). We denote the LLMs as Switch-n, where n =
8/16/32 is the number of experts per sparse FFN. The pre-
trained model weights are obtained from HuggingFace [54].

Baselines. We compare LiteMoE with the following base-
lines. (1) Full-FT LLM: this is the ideal situation where
mobile apps can use the complete foundation LLM to fine-
tune personalized adapters. This acts as the performance upper
bound, but is infeasible in practice due to its tremendous
resource requirements. (2) Foundation LLM: mobile apps use
the general ability of the foundation LLM without adapters.
(3) Proxy submodel: the performance of proxy submodels



TABLE I
SUMMARY OF OVERALL PERFORMANCE (%) OF LITEMOE AND BASELINES OVER VARIOUS MOBILE COMPUTING TASKS.
Foundation Method | Mobile Computing Task | Avg. Model
LLM | SST2 CoLA MRPC STS-B QQP MNLI QNLI RTE | Size (MB)
Foundation LLM | 83.3 71.3 83.8 80.6 813  79.0 824 639 2366
Proxy Submodel | 80.8 69.2 80.6 80.1 788 722 796  62.1 921
Switch-8  FT Submodel 84.9 74.3 86.2 842  81.8 802 874 682 | Reduction:
Full-FT LLM 94.4 83.0 88.9 875 91.1 864 913 747 257x
Proxy-FT LLM | 942 81.5 88.7 86.8  89.4  84.1 90.8 722
Foundation LLM | 85.2 70.7 83.0 823 859 816 83.1 626 4094
Proxy Submodel | 82.0 69.5 81.3 80.6 833 774 783  60.4 1026
Switch-16 ~ FT Submodel 89.5 77.4 82.6 85.1 842 826 892 704 | Reduction:
Full-FT LLM 95.2 83.7 89.7 80.0 909 872 926 771 300x
Proxy-FT LLM | 93.7 82.1 88.1 86.5 899 873 919 753
Foundation LLM | 84.4 72.3 83.6 822 842 713 85.9  70.7 7551
Proxy Submodel | 82.1 69.2 79.8 819 823 762 823  67.1 1147
Switch-32  FT Submodel 90.6 71.5 81.3 883 858 809 90.8 719 | Reduction:
Full-FT LLM 95.8 84.8 90.0 894 912 869 933 776 6.58x
Proxy-FT LLM | 93.1 80.7 89.2 883  89.6 851 9228 763
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Fig. 8. Memory footprint of the foundation LLM and the proxy submodel.

extracted from the foundation LLM using our post-training
submodel extraction technique. (4) FT Submodel: the proxy
submodels are fine-tuned with personalized data from the app’s
targeted downstream tasks. (5) Proxy-FT LLM: the customized
adapters that are fine-tuned on the proxy submodels are
integrated back into the foundation LLM for evaluation, which
represents the outcome of the complete LiteMoE pipeline.

Metrics. We report results mainly on two aspects. (1) model
performance: we use accuracy for classification tasks and the
Pearson correlation metric for regression tasks. (2) system
resource overhead: we report the memory footprint of fine-
tuning and inference models of LiteMoE and baselines, as
well as the on-device execution latency of LiteMoE to verify
its efficiency.

Configurations. For the hyperparameters of LiteMoE, we
set &« = 0.05 and S = 0.15 by default. The maximum degree
d for similarity-based expert matching is set to 2 for Switch-8
and 3 for Switch-16/32. The parameter « in expert similarity
evaluation is set to 0.2. Given a targeted downstream task, a
submodel is updated 300 steps during the (proxy) fine-tuning
process. We retain the best-performing adapter for each task
during fine-tuning, and insert it back into the foundation LLM
for further evaluation.

B. Overall Performance Evaluation

Table I summarizes the overall model performance and
average model sizes of LiteMoE and baselines.

(b) Switch-16 Model.

Z10

Memory Footprint (G

(c) Switch-32 Model.

For all tasks, LiteMoE supports fine-tuning adapters with
lightweight proxy submodels, and improves the customized
performance of the foundation LLM. First, compared to the
initial foundation LLM, fine-tuning with apps’ private data can
effectively enhance model performance. For example, the ideal
case Full-FT achieves 8.7% model accuracy gains on average
over all tasks, demonstrating the importance of customized
fine-tuning. Second, with LiteMoE, we can reduce the model
size from 2.57x to 6.58x while still preserving most of the
performance of foundation LLM in targeted tasks (with a
slight degradation of 1.4%). More importantly, after tuning
with the proxy submodels, the adapters that integrate back
into the foundation LLM can improve the accuracy by up to
7.4% compared to the initial LLM, which is very close to
the ideal case of Full-FT. This attributes to our post-training
submodel extraction technique that generates sufficiently good
proxy submodels, thereby the adapters tuned upon these proxy
submodels can effectively integrate the customized knowledge
into the foundation LLM. Detailed evaluations of PTSE are
shown in Section V-C.

In Figure 8, we show the memory footprint of fine-tuning
or inferring the foundation LLM and the generated submodels.
LiteMoE’s proxy submodels reduce memory footprint by
2.42x compared to the complete foundation LLM. This is
benefiting from our submodel extraction method that removes
a large portion of cold and moderate experts, which not only
reduces memory for storing a large number of expert param-
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Fig. 10. On-device execution latency of extracting proxy submodels from the
foundation LLM.

eters but also saves memory for intermediate activations of
vast expert networks during inference or fine-tuning. Notably,
LiteMoE saves more memory when serving larger LLMs.
For example, LiteMoE reduces 1.49x memory for Switch-
8, while reducing 3.58 x for Switch-32. This is because larger
LLMs adopt more experts to accommodate a wide range of
general knowledge, however, the number of experts needed
for a specific task is nearly the same. Therefore, our method
is favorable for large LLMs, especially in the context of ever-
increasing LLM scales.

Note that our method is orthogonal to memory and I/O
scheduling methods such as [11] and [12]. LiteMoE can
be combined with these methods to further reduce memory
overhead. In addition, with the reduced set of experts, LiteMoE
can also enhance the effectiveness of these methods such as
improving the accuracy of expert preloading.

C. Proxy Submodel Evaluation

To verify the effectiveness and efficiency of LiteMoE-PTSE,
we dive deeper to evaluate the proxy submodel accuracy
and extraction overhead under different memory budgets and
submodel extraction approaches. We use two representative
GLUE tasks in this set of experiments: SST-2 (a relatively easy
task for sentiment analysis) and MNLI (a more challenging
task for natural language inference) [55], [56].

Submodel accuracy under different memory budgets.
Figure 9 demonstrates that PTSE can preserve most of the
foundation LLM’s performance, and significantly outperforms

SUBMODEL ACCURACY IN ABLATION STUDY OF LITEMOE’S KEY
COMPONENTS. “IE”: IMPORTANT EXPERT IDENTIFICATION; “SM”:
SIMILARITY-BASED EXPERT MATCHING; “AM”: ALIGNMENT-BASED
EXPERT MERGING. “A” REPRESENTS THE ACCURACY DIFFERENCE

COMPARED WITH SIMPLE PRUNING.

Switch-8 Switch-16
Method

SST-2 MNLI SST-2 MNLI

Simple Pruning w/ IE  80.6% 55.4% 71.3% 72.6%
Pruning w/o IE (A)  -44% -2.6% -9.7% -34.7%
LiteMoE w/o SM (A) +9.1% +82% +17.9% +7.7%
LiteMoE w/o AM (A) +49.8% +22% +183% +3.5%
LiteMoE-PTSE (A) +11.6% +23.4% +20.0% +9.2%

Simple Pruning® and its retraining variants (Prune w/ Retrain).
In SST-2, LiteMoE submodels achieve 94.3% and 97.1% of
the accuracy of the foundation LLM, even only preserving
19.8% and 9.9% of experts in Switch-8 and Switch-16, re-
spectively. In the challenging MNLI task, LiteMoE submodels
still preserve 88.5% and 93.8% of accuracy with 85.4% and
81.3% experts being removed. This is benefiting from the
selective expert merging technique that preserves the ability of
the removed experts. Otherwise, the submodel accuracy would
be severely impacted as in the Simple Pruning approach whose
submodel accuracy is at most 35.7% lower than LiteMoE.
Surprisingly, LiteMoE achieves comparable performance, even
better in some cases, compared to the Prune w/ Retrain
method. For example, with Switch-16, PTSE achieves 92.7%
and 85.4% accuracy on SST2 and MNLI, respectively, while
the Prune w/ Retrain method only obtains 90.8% and 83.7%.
We assume this is because, in the latter method, the ability lost
with the removed experts cannot always be well recovered by
limited model re-training.

On-device execution latency. LiteMoE is able to extract
submodels on resource-limited devices within several tens
of seconds. In Figure 10, we measure the proxy submodel
extraction latency on two representative types of edge devices.
We report the mean latency of 5 runs with error bars showing
standard deviations. LiteMoE costs on average 47.7s and 74.9s
to extract a proxy submodel on Jetson Nano and Raspberry
Pi, respectively, slightly higher than Simple Pruning of 20.2s
and 36.12s, but is significantly lower than Prune w/ Retrain of
513.4s and 916.8s. This is attributed to the training-free advan-
tage of PTSE, as the retraining process is very time-consuming

3Simple Pruning refers to a very lightweight method that simply removes
less important experts with respect to the current task without further
processing.
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Fig. 11. CDF of the distribution of expert importance of MoE-based LLMs.
Solid lines denote actual expert importance scores, and dashed lines denote
predictions of LiteMoE’s Expert Importance Predictor.
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Fig. 12. Hyperparameter evaluation on the expert importance predictor. (left)
impact of target sparse FFN layer depth. Dashed lines indicate divergence
between ground truth and uniform distributions. (right) impact of the number
of input routing score layers.

on resource-limited devices. The main overhead of LiteMoE
is calculating expert importance scores and merging experts,
which account for 84.7% of the total latency. Fortunately,
given today’s increasingly powerful hardware equipped by
mobile devices, this extraction latency can be further reduced
by mobile GPUs or NPUs. This fast response time can support
apps to query the proxy submodels and update customized
adapters efficiently to maintain high-quality of model services.

D. Performance Breakdown Analysis

Ablation study. We ablate and evaluate the key components
of LiteMoE. The results are summarized in Table II. To
highlight the contribution of each component, we report the
accuracy difference between our method and Simple Pruning.
We observe that pruning experts without knowing their impor-
tance (Pruning w/o IE) severely impacts model performance,
which is not surprising as it ignores experts’ specializations.
Therefore, this IE module lays the foundation for compressing
the LLM. Next, the other two modules, SM and AM, work
complementary in enhancing expert performance, especially
on challenging tasks. For example, for Switch-8 on the MNLI
task, the SM and AM modules alone can only improve the
accuracy by 8.2% and 2.2%, respectively, while working
together, they can improve accuracy by 23.4%.

Next, we evaluate the effectiveness of the offline expert
characteristics profiling of LiteMoE.

Expert importance predictor. As shown in Figure 11,
we use our predictor to predict the importance of experts
in shallow, middle, and deep sparse FFNs, represented by
the Transformer blocks 4, 8, and 12, respectively. LiteMoE
perfectly follows the actual expert importance distribution,
even for experts in deep FFNs. This is attributed to the
observation of the learnable expert activating patterns, and the
training method which fully exploits the routers to model the
activating patterns encoded in their outputs, and adopts the
distillation loss to enhance the predictor training.

(a) SST-2 Task. (b) MNLI Task.

Fig. 13. Model accuracy of inference using experts with different levels of
similarities to original experts.
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Fig. 14. Submodel performance under different values of o and .

To validate the predictor’s design choices, we vary the
depth of the sparse FFN being predicted and the number of
shallow layers used for prediction. The results are presented
in Figure 12. We use KL divergence to quantify the distance
between the predicted importance distribution and the ground
truth. The results indicate that the divergence remains low
(with dashed lines providing an intuitive comparison), and
does not necessarily increase with layer depth. Additionally,
while incorporating more routing scores as input features en-
hances prediction performance, it also increases computation
overhead. This supports the choice of using only the routing
scores from the first layer for prediction, enabling lightweight
prediction with satisfactory accuracy.

Expert similarity evaluation. To verify the effectiveness of
LiteMoE’s expert similarity metric, we replace the original ex-
perts with other experts that have different levels of similarity
scores and test the resulting model accuracy. The results shown
in Figure 13 indicate that the accuracy increases with expert
similarity, demonstrating that our metric successfully captures
the similarity between experts. For example, in the SST-2
task, choosing high-similarity experts yields a 13.2% higher
accuracy than the low-similarity case, and is 7.2% higher than
that obtained by randomly choosing experts. Additionally, we
observe that the accuracy of Switch-32 is more impacted by
replacing dissimilar experts. The possible reason is that the
experts in Switch-32 share less knowledge, as it has more
experts for fine-grained specialization.

E. Sensitivity Analysis

During LiteMoE-PTSE, the hyperparameters o and § play
a critical role in selective expert merging, influencing the
identification of experts as heavy-hitters (hot), moderate, or
cold experts. To better understand the sensitivity of PTSE to
these hyperparameters, we vary their values and report the
resulting submodel accuracy in Figure 14. Overall, The results
indicate that PTSE demonstrates robust performance across
different choices of « and f3.
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First, we observe that the average submodel accuracy is
higher when 3 is smaller, which is intuitive, as a smaller 3
retains more experts in the submodel, leading to increased
accuracy at the cost of a larger submodel size. However,
by selecting a proper value of «, the accuracy gap among
submodels under different 5 can be minimized. For instance,
the accuracy gap between the optimal submodels between
S =0.1and B8 = 0.12 (as well as 8 = 0.12 and 3 = 0.16)
is only 2.59% (1.27%) in the SST-2 task, demonstrating the
effectiveness of the selective expert merging technique.

Second, an optimal value of « (e.g., around 0.08 in this
set of experiments) can maximize submodel performance.
Either too large or too small o negatively impacts submodel
performance. We analyze the underlying reason as follows. (i)
With a large o, more important experts are removed without
merging to preserve their specific abilities, and thus results
in poor submodel performance. In the extreme case where
«a = B, LiteMoE-PTSE degrades to Simple Pruning. (ii) With
a small «, the submodel accuracy is also impacted, due to
the merging of more cold experts, which are less relevant
to the targeted task. Fortunately, the impact on performance
is slight in this case, with an average accuracy gap of only
2.62% between the submodel with v = 0 and the optimal
submodel (o = 0.08). This is attributed to the constraint value
d in expert matching, which limits the maximum number of
experts that can be merged, along with the importance-aware
weighted averaging design which assigns very small weights
to the irrelevant experts in averaging.

To conclude, /3 controls the submodel size, which is guided
by the desired accuracy-cost trade-off (and resource con-
straints) in the given application, while o determines which
experts will be merged to enhance the resulting submodel. A
relatively small « is safe to achieve near-optimal submodel
performance.

F. Multi-App Tuning Evaluation

To evaluate the effectiveness of the zoo-augmented fine-
tuning, we retrain the adapters for downstream tasks, and
compare the time consumption and model accuracy between
fine-tuning with and without the augmentation of the adapter
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Fig. 16. Model accuracies under shifting data distributions over time.

zoo. In this set of experiments, we set the maximum number
p of reusing tuned adapters to 2.

As shown in Figure 15, LiteMoE-Zoo effectively reduces
tuning time while improving accuracy. Specifically, it reduces
tuning time by an average factor of 2.24x compared to the
original fine-tuning, while improving accuracy by 1.93%. This
improvement is attributed to the reuse of adapter parameters
to warm-start the fine-tuning process, which not only shortens
the tuning time required to reach the optimal point, but also
converges model to a better local optimum. Besides, we
observe that the task-specific feature vectors defined by expert
importance is able to select similar adapters in the zoo. For
example, the MNLI task selects adapters from QNLI and
RTE, as all are related to natural language inference. We
also tuned the adapters while constructing the adapter zoo
from scratch, and recorded the cumulative time consumption
in Figure 15 (b). Initially, there are no adapters available for
reuse, so LiteMoE-Zoo takes the same amount of time as the
original tuning. As the number of tuned adapters increases,
LiteMoE-Zoo demonstrates progressively greater time and
computational savings. Overall, LiteMoE-Zoo reduces 1.76x
of time to customize adapters for 8 apps.

G. Continuous Tuning Evaluation

Figure 16 presents the results of evaluating LiteMoE’s
continuous tuning performance. In this setup, we follow prior
works [32], [57] to partition the SST-2 dataset into non-
IID distributed subsets, and simulate data distribution shifts
over time by switching on-device data to different subsets at
each time step. We compare three tuning methods: (1) static
adapters: which use the initially tuned adapters without further
updates; (2) updated adapters w/o ensemble: where adapters
are tuned at each time step, and a single tuned adapter is used
for inference; and (3) updated adapters w/ ensemble: which
adopts ensemble inference using multiple adapters.

As shown in Figure 16, our proposed tuning strategy sig-
nificantly enhances LiteMoE’s online adaptability. The static
adapters perform poorly under data distribution shifts, and
seriously degrade model accuracy over time. This strategy only
obtains 81.6% accuracy on average. Periodically adopting our
alternative optimization-based tuning alleviates this problem,
improving accuracy to 90.1%, but still suffers from suboptimal
performance due to the skewed and limited tuning data in each
step. The ensemble strategy further addresses this problem by
combining the outputs of multiple adapters, resulting in more
robust inference. Consequently, our continuous tuning strategy
achieves an average accuracy of 91.8%, outperforming the
static method by 10.3%.



TABLE III
COMPARISON BETWEEN LITEMOE AND QLORA.

TABLE V
SWITCH-32 PERFORMANCE (%) ON TEXT SUMMARIZATION TASKS.

| SST-2 | MNLI |Found. LLM Proxy Submodel FT Submodel Full-FT Proxy-FT
Method | Accuracy Memory | Accuracy Memory XSum | 1327 11.83 14.42 1522 14.93
Full-FT (BFloatle) | 954% 4530 MB | 84.5% 4553 MB SAMSum| _ 23.19 22.47 23.38 29.03  26.36
LiteMoE (BFloatl6) | 93.8% 1170 MB | 837% 1243 MB
QLoRA (NormalFloat4) | 93.5% 1805 MB | 82.1% 1814 MB LiteMoE. As shown in Table III, both methods substantially re-
LiteMoE+QLoRA | 916%  892MB | 798% 902 MB duce memory overhead compared to full fine-tuning. However,
TABLE IV LiteMoE achieves a higher average memory reduction (3.77 x)

MODEL PERFORMANCE (%) ON GLUE TASKS USING PHI-MOE.
\SST—Z CoLA MRPC STS-B QQP MNLI QNLI RTE

Zero-Shot | 80.8 683  66.5 379 538 59.6 440 48.0
Full-FT | 946 738 885 919 85.0 829 881 80.1
Proxy-FT | 933 734 838 87.6 788 768 858 755

H. Computation complexity and scalability analysis

The execution of LiteMoE-PTSE consists of three primary
steps: important expert identification (IE), similarity-based
expert-matching (SM), and alignment-based expert merging
(AM). Notably, the AM module accounts for the most exe-
cution latency, followed by the IE module. For example, for
Switch-16, the AM and IE modules account for an average of
72.1% and 12.6% of total latency, respectively. The latency of
AM comes from the necessity of resolving an OT problem for
each expert merging operation.

We further analyze the complexity and scalability of the AM
module from two perspectives: (i) scaling with the number
of hidden dimensions (h) within experts. The complexity of
solving the OT problem scales as O(d®logd) in the worst
case [58], which may lead to efficiency issues when i becomes
very large. Fortunately, approximation methods such as the
entropy-regularized method [46] can solve the problem orders
of magnitude faster. In modern MoE-based LLMs, the hidden
dimension typically ranges from hundreds to a few thousand
(e.g., h = 3072 in Switch Transformers), allowing solving
algorithms to operate within several seconds even with exact
solvers. For example, in the SST-2 task, solving the OT prob-
lem exactly takes approximately 2.1s, while the approximation
solver only requires 0.3s, incurring a mere 1.2% accuracy loss
compared to the exact solver. (ii) scaling with the number of
experts to be merged (denoted as n,.). The latency of the AM
module linearly increases with n,, as the OT problem will
be solved n, times independently. Considering the modern
MoE-based LLMs that typically adopt several tens of MoE
layers with 8-64 experts per layer, n, can range from tens to
hundreds. In our experiments, n, varied from 9 to 42, with an
average of 21.5. Even in extreme scenarios where n, reaches
a few hundred, the AM process remains manageable within
several minutes on modern mobile devices.

1. Extended Experiments

In this subsection, we evaluate the generality of LiteMoE
by extending it to a broader range of deployment scenarios,
including different foundation LLMs and downstream tasks.

Integration with quantization-based fine-tuning. Quanti-
zation approaches compress LLM weights to low-bit formats
to reduce memory consumption. We adopt QLoRA [59] as
a representative approach and compare its performance with

than QLoRA (2.51x), owing to the high sparsity typically
present in MoE-based LLMs. Moreover, since LiteMoE and
QLoRA optimize orthogonal aspects (parameter count and bit
width, respectively), they can be combined to achieve further
memory savings, reaching up to 5.06x.

Extension to Phi-MoE with top-2 routing. To evaluate
LiteMoE’s generalizability on other LLM architectures, we
apply it to Phi-MoE [60], a lightweight MoE model with 1.1B
activated and 3.8B total parameters, utilizing top-2 routing,
and evaluate proxy tuning performance on GLUE tasks. Exper-
imental results in Table IV show that LiteMoE achieves an av-
erage performance improvement of 24.52% over the Zero-Shot
baseline, closely matching the 28.27% improvement achieved
by Full-FT. Additionally, with PTSE, the LLM size is reduced
by 1.94x on average. Note that this compression rate is lower
than that observed in Switch Transformers, mainly due to Phi-
MoE’s more sophisticated load-balancing mechanism, which
distributes tokens more evenly across experts. This results in
more experts becoming “hot experts”, thereby reducing the
achievable compression ratio.

Extension to long-form generation tasks. We evaluate the
generation performance of LiteMoE on two representative text
summarization datasets: XSum [61] and SAMSum [62] using
Switch-32. As shown in Table V, we report the Rouge-2 scores
to assess the quality of summaries produced by the LLM. The
proxy submodels generated by LiteMoE retain over 89% of the
full LLM’s performance, outperforming the Simple Pruning
method by 1.54x. Furthermore, LiteMoE improves average
model performance by 2.42%, approaching the performance
gain of full-FT (3.90%), thus demonstrating its effectiveness
on tasks with relatively long generation lengths.

In conclusion, LiteMoE demonstrates strong adaptability
across various LLMs and tasks. However, optimal performance
may require task-specific hyperparameter configurations cor-
responding to different submodel sizes. For example, § =
0.15 yields the best results on SST-2 and Switch-32, while
B = 0.1 is optimal for SAMSum, reflecting differences in
task complexity and routing behavior. Developing an effective
method for automated hyperparameter selection remains an
open direction for future work.

VI. RELATED WORK

Resource-efficient LLMs with MoE. The sparsely acti-
vated MoE architecture is adopted as an effective approach to
scale up model size without linearly increasing computation
overhead. First employed as a building block in LSTMs that
achieve SOTA machine translation performance [20], MoE
is further widely adopted in Transformer-based LLMs for
superior model performance and resource efficiency [10],



[21], [36], [39], [63]-[65]. For example, Mixtral 8x7B [10]
which comprises 8 experts with a top-2 routing mechanism
achieves comparable, even better performance than Llama 2
70B and GPT-3.5. Nevertheless, MoE-based LLMs have lower
parameter efficiency than dense LLMs, which hinders their
deployment on resource-limited mobile devices. Noticing this
phenomenon, LiteMoE is designed to help identify and refine
important experts within MoE layers for better parameter
efficiency, and preserve targeted model performance as well.

Additionally, another line of work creates sparsely activated
MOoE architectures from established LLMs [66]-[69] to take
advantage of its conditional computation benefits during model
serving. Thanks to the expert specialization of the MoE
layer, LiteMoE can be applied to arbitrary MoE-based LLMs,
forming compact, app-specific proxy submodels by refining
MoE layers.

Cost optimizations to MoE-based LLMs. Various works
have attempted to reduce the resource costs of serving MoE-
based LLMs using model compression strategies such as ex-
pert quantization [11], [19], parameter pruning [70], [71], and
sparse-to-dense distillation [18], [21], [72]. QMoE [19] pro-
posed an MoE-specific quantization method coupled with cor-
responding GPU decoding kernels, which compresses large-
scale LLMs to sub-1-bit levels. Chen et al. [70] proposed
task-specific expert pruning, which progressively prunes ex-
perts during model fine-tuning. Other works [18], [21], [72]
leveraged the knowledge distillation technique to distill large
sparse LLMs into smaller dense models. For example, Switch
Transformers [21] preserved 30% quality gains of the sparse
MoE design while compressing the model by 20x. These
methods require model retraining processes to recover per-
formance after compression, making them unable to quickly
generate small models on devices. Instead, LiteMoE eliminates
the training process for efficient on-device execution.

Runtime optimization for MoE-based LLMs. To address
the resource bottlenecks in serving MoE-based LLMs, prior
works have proposed various of memory and computation
optimizations [11], [73]-[78]. For example, EdgeMoE [11]
and Fast Inference [73] predict expert activation patterns
at inference time and preload the corresponding weights in
advance, enabling I/O operations to overlap with computation
and thus reducing overall latency. ExpertChoice [76] and Not
All Experts Are Equal [77] introduce adaptive computation
to enhance resource efficiency during inference. However,
these approaches are designed for inference rather than on-
device fine-tuning, as they retain all experts regardless of
task specificity. The massive redundant expert weights and
intermediate states (e.g., gradients) lead to excessive memory
usage. In contrast, LiteMoE is tailored for on-device fine-
tuning by constructing proxy submodels that improve param-
eter efficiency and reduce resource overhead, making it well-
suited for task-specific customization on mobile platforms.

Resource-efficient LLM fine-tuning. As LLMs continue
to scale, various works have explored resource-efficient fine-
tuning methods to enable model customization on resource-
constrained devices [13], [30], [79]-[84]. For instance,
LoRA [30] updates model weights via low-rank matrices,
while Side-Tuning [80] and LST [81] leverage lightweight

TABLE VI
NOTATIONS IN THE MEMORY MODEL AND THEIR DEFAULT VALUES.
Notation Description Default|Notation Description Default
i) LLM parameters /| h Hidden dimension 768
s Sequence length 128 | a Attention heads 12
b Batch size 4 | mn. Experts per SparseFFN  /
r  Adapter param. ratio / | h,  Adapter’s hidden sizes 16

side networks to steer model outputs. MeZO [82] avoids
backpropagation by using forward passes for weight updates.
These approaches reduce memory consumption by reducing
the number of trainable parameters and intermediate states
such as activations and gradients, yet the storage of excessive
model weights remains a major challenge. Quantization-based
fine-tuning [59], [85]-[90], such as QLoRA [59], addresses
this by converting the foundation LLM weights to low-bit for-
mats and enabling model training with the quantized weights,
significantly lowering memory requirements. Notably, these
methods target generic LLMs, and are orthogonal to LiteMoE
which is tailored for MoE-based LLMs. As a result, they can
be jointly deployed with LiteMoE for further memory savings.

On-device model serving and adaptation. On-device
model serving is becoming increasingly important, as it not
only provides better interactive user experience and enhanced
data privacy, but also alleviates the high computational pres-
sure on the cloud. To adapt large models that are originally
designed for cloud environments to resource-limited devices,
existing works have developed various approaches such as
lightweight model architectures [24], [25], [91]-[95], model
compression methods [16], [17], [96], [97], and flexible model
size adaptation strategies [98]-[100]. While these approaches
enable the deployment of large models on resource-limited
devices, they fall short in performing on-device fine-tuning of
LLMs for customized model services.

VII. CONCLUSION

In this work, we have proposed LiteMoE, a new proxy
submodel tuning framework to support mobile apps to provide
customized model services through on-device tuning adapters.
The key technique of LiteMoE is post-training submodel
extraction, which efficiently identifies, matches, and merges
important experts without requiring additional retraining. This
approach enables the construction of lightweight submodels
tailored for resource-constrained devices. Extensive experi-
ments demonstrate that LiteMoE can effectively support fine-
tuning adapters on resource-limited devices, and greatly im-
prove LLM serving quality with reduced memory overhead.

APPENDIX
MEMORY ANALYSIS OF LITEMOE

In this section, we theoretically break down and analyze the
memory consumption for on-device fine-tuning with a memory
model, for the purpose of providing deeper insights into the
optimization space and upper bound of LiteMoE’s design.

Understanding memory usage for on-device fine-tuning.
The majority of memory for fine-tuning is occupied by model
states (e.g., parameters, gradients, and optimizer states) and
residual states (e.g., activations) [34]. In our memory model,



TABLE VII
MEMORY FOOTPRINT (MB) BREAKDOWN. Mparam., Mgrad.» Moptim.»
AND Mct. RESPECTIVELY INDICATE THE MEMORY REQUIREMENT OF
PARAMETERS, GRADIENTS, OPTIMIZER STATES, AND ACTIVATIONS.

Model ‘ ]\/[parmm ]\'JgradA A/JﬂptiﬂL ]Wact. ‘ Tmax
Switch-8 | 2645 (75.5%) 3.54 7.08 849.47 | 0.46
Switch-16 | 4373 (83.6%) 3.54 7.08 849.66 | 0.64
Switch-32 | 7829 (90.1%) 3.54 7.08 850.03 | 0.78

we exclude temporary buffers and memory fragmentation
due to their limited contribution to total memory usage and
the difficulty in modeling them precisely. The notations and
their default values used in the memory model are listed in
Table VI. We first compute the memory required for model
states, assuming a data type is float32:

e Model parameters: 4(1 + 7)® Bytes.
e Gradients: 4r® Bytes.
e Optimizer states (using Adam): 8r® Bytes.

Next, we calculate the memory used by activations, which
are the intermediate outputs generated during the forward pass
and stored for the backward pass in gradient computation.
Following [101], the activation memory for a standard Trans-
former block is estimated as:

en __ Slnbh(66 + 2% + 9%)7

act

, 9
M, = $u0bh(86 + 22t2e) | galiuntruny O

The total memory footprint is then given by:
Miotar = 4(1 +4r)® + (L - ML + L% - MJS),  (10)

where L°" and L7 denote the number of encoder and de-
coder blocks, respectively, and M7, and MY, represent the
activation memory per block.

Case study. Using the above memory model, we analyze the
memory usage involved in fine-tuning Switch Transformers,
as illustrated in Table VII. The findings are summarized
as follows: (i) Parameter memory becomes the bottleneck
under PEFT. This is because PEFT techniques significantly
reduce the number of trainable parameters, and consequently
the memory for gradients and optimizer states. In contrast,
under full fine-tuning, the memory required for gradients and
optimizer states often exceeds that of the model parameters.
(ii) Activations contribute notably but remain secondary. While
activations do consume a considerable amount of memory,
their footprint is smaller than that of parameters in typical
mobile computing configurations. Such memory composition
highlights the importance of optimizing the parameter size to
enable practical on-device fine-tuning. This underscores the
advantage of LiteMoE in generating lightweight submodels
that are well-suited for resource-constrained devices.

Maximum memory saving rate with LiteMoE. Assuming
at least one expert is retained in each sparse FFN, the
maximum potential memory saving rate can be expressed
as! Twmaz = Tparam * Tffn - (1 — 1/ne), where rpgram and
r¢sn denote the ratios of memory footprint of parameters to
the total and FFNs to parameters, respectively. The sparse
FFNs targeted by LiteMoE constitute a large portion of LLM
parameters, thereby offering significant potential for memory
savings. For instance, for Switch-32, LiteMoE is able to reduce

78% of memory footprint at most. LiteMoE exhibits stronger
effect as the increase of the number of experts in sparse FFNs
(shown in Table VII). Furthermore, LiteMoE can be combined
with other memory optimization methods, such as efficient
attention layers and low-precision training, to achieve even
greater memory efficiency for on-device fine-tuning.
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