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Abstract

Mixture-of-Experts (MoE) is a sparse neural architecture that
significantly increases model capacity while maintaining low
computational complexity. However, deploying MoE-based
large language models (LLMs) on memory-constrained edge
devices remains challenging due to their substantial memory
requirements. To address this issue, we propose FIRM-MoE,
a fine-grained expert offloading framework designed to en-
able flexible and efficient MoE inference. The core insight
of our approach is to reduce the risk of inaccurate expert
loading by decomposing each expert into fine-grained sub-
experts and then dynamically allocating them through a fine-
grained scheduling strategy. To further reduce the error in
expert loading, we introduce a multi-layer expert prediction
mechanism and a resource-adaptive expert pre-loading algo-
rithm to enable more robust expert allocation. This design al-
lows our model to achieve more efficient expert utilization
and improved resilience to prediction errors. We conduct ex-
tensive experiments to demonstrate the superiority of FIRM-
MoE across diverse memory constraints. The results show
that FIRM-MoE achieves up to 1.5x speedup and 2.8x mem-
ory savings in decoding, compared to state-of-the-art MoE
offloading strategies.

Introduction

Large language models (LLMs) have achieved state-of-the-
art performance across various domains, including genera-
tive natural language processing (Achiam et al. 2023) and
complex reasoning (Guo et al. 2025). Despite their promise,
the parameter scale of LLMs—often exceeding 500 bil-
lion—poses substantial obstacles to deployment on edge de-
vices with limited computational resources.

To mitigate computational overhead while preserv-
ing model capacity, Mixture-of-Experts (MoE) architec-
tures (Shazeer et al. 2017) sparsify LLMs by adaptively ac-
tivating only a subset of parameters within a large param-
eter pool. However, this efficiency comes at a cost: MoE-
based LLMs require substantial memory to accommodate
their large expert pools. A natural approach is to prune (Kim
et al. 2024) or quantize (Frantar et al. 2022) the experts,
though this may degrade their representational power. Other
methods leverage on-demand expert loading, but as shown
in Figure 1(a), these approaches often suffer from low re-
source utilization and high latency. To address this, several
recent works (Eliseev and Mazur 2023; Zhong et al. 2024;
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Figure 1: Example fine-grained pipeline parallel schedule.
Demonstrates the basic paradigm of MoE LLMs in edge in-
ference and the optimization in this paper when the GPU is
unable to load the complete model due to memory limita-
tions.

Tang et al. 2024) propose pre-fetching and predicting future
experts to enable compute-communication overlap and im-
prove utilization. However, as illustrated in Figure 1(b), such
methods heavily depends on the accuracy of expert predic-
tion. Incorrect pre-loading can result in resource misalloca-
tion and even increased latency due to high CPU-to-GPU
data transfer overhead. Moreover, these approaches (Eliseev
and Mazur 2023; Xue et al. 2024; Tang et al. 2024) often
adopt fixed configurations, lacking adaptability to real-world
dynamic workloads.

To tackle these limitations, this paper introduces FIRM-
MoFE, a generalized and resource-adaptable framework for
MoE-style LLMs. First, to address loading latency, we
introduce a granular decomposition strategy that decom-
poses MoE experts into finer-grained sub-experts (Fig-
ure 1(c)). This enables on-demand activation of only the nec-
essary components during pre-fetching, effectively minimiz-
ing memory waste caused by the transmission of inactive ex-
perts. Next, we propose Meeting-of-Layers (MOL), a multi-
layer collaborative prediction mechanism that aggregates
cross-layer signals to enhance the effectiveness of expert se-
lection and mitigate the impact of misprediction. Lastly, we
present Hierarchical Expert Optimization and Pre-fetching
(HEOQOP), a resource-adaptive algorithm designed to dynam-
ically adjust pre-loading strategies across model layers. By
doing so, HEOP achieves efficient inference with reduced



latency, even under stringent resource constraints. Our main
contributions are summarized as follows:

* We propose a Fine-grained expert decomposition by de-
composing experts into sub-experts, a simple yet under-
explored approach in prior MoE literature.

* A multi-layer collaborative prediction mechanism is in-
troduced to improve expert pre-loading accuracy through
cross-layer interactions.

* We propose a hierarchical and resource-adaptive expert
pre-fetching algorithm. It dynamically adapts to GPU
memory availability to achieve optimal inference perfor-
mance.

* We evaluate FIRM-MoE on representative models from
the Qwen, DeepSeek, and OLMOE series of MoE archi-
tectures using an RTX 3090 24GB GPU. Compared to
state-of-the-art baselines, our method achieves up to 1.5x
inference speedup and 2.8x memory savings.

Related Works
Mixture-of-Experts

Mixture of Experts was proposed in earlier research (Ja-
cobs et al. 1991). Its core structure consists of a set of ’ex-
pert networks” and a gating network. Each expert is usually
responsible for handling one sub-task in a specific field, and
the gating network dynamically routes input data to the most
relevant expert. Sparse gating (Shazeer et al. 2017) was pro-
posed to only activates a subset of experts for each round of
forward calculation, reducing the computational overhead of
the overall model. In recent years, the MoE architecture has
been widely integrated into LLMs, achieving a balance be-
tween parameter expansion and inference efficiency. (Fe-
dus, Zoph, and Shazeer 2022; Wei et al. 2024)

Efficient Inference on MoE-style LL.Ms

With the rapid development of MoE-LLMs, efficiently de-
ploying MoE models for inference on local devices has be-
come a prominent research focus. Many inference meth-
ods and systems have been developed. Adaptive-MoE (Li
et al. 2023) allows tokens to be processed by varying num-
bers of experts, which improves computational efficiency
but inevitably leads to performance degradation. Pre-gated
MoE (Hwang et al. 2024) improves activation accuracy by
introducing additional predictive gates; however, structural
modifications compromise its generalization ability in prac-
tical scenarios. Some studies (Kamahori et al. 2024; Cao
et al. 2025) have attempted to leverage CPU resources for
collaborative inference. Fast-MoE (Eliseev and Mazur 2023)
proposed using hidden states from the previous layer to pre-
dict expert activation in the next layer. Hobbit (Tang et al.
2024) further validated the approach from the perspective
of inter-layer activation similarity. MoE-Infinity (Xue et al.
2024) proposed a statistical method for activation path pre-
diction, which does not require model modifications but suf-
fers from limited prediction accuracy and high computa-
tional overhead. These methods generally overlook the po-
tential of expert splitting for finer-grained control. Although

Adap-MoE (Zhong et al. 2024) attempts to make computa-
tion and loading more fine-grained, it remains a single-point
optimization. In contrast, our framework integrates expert
decomposition into both the loading and scheduling stages,
yielding system-wide benefits.

Method

FIRM-MoE consists of three main parts, including Expert
Decomposition, Meeting-of-Layers (MOL), and the Hierar-
chical Expert Optimization and Pre-fetching (HEOP).

Overview of FIRM-MoE

Previous methods (Zhong et al. 2024; Tang et al. 2024)
scheduled experts as whole units, leading to inefficient re-
source use. We address this by introducing a fine-grained
scheduling framework that decomposes each expert into
smaller linear-layer components, enabling precise coordina-
tion of computation and memory during execution, as illus-
trated in Figure 2.

Specifically, our fine-grained scheduling framework con-
sists of a Pre-fetch Manager, and an Expert Manager. The
Pre-fetch Manager predicts the activated experts in the next
layer and triggers experts pre-loading once prediction is
complete. Expert Manager is responsible for scheduling
both the expert pre-loading and on-demand loading work-
loads, as well as the expert computation.

To mitigate resource waste caused by inaccurate predic-
tions, we design the MOL algorithm within the Pre-fetch
Manager. Furthermore, to improve efficiency under differ-
ent resource constraints, we integrate the resource-adaptive
HEOP algorithm into the Expert Manager. We also deploy
a cache pool on the GPU for storing transmitted expert sub-
modules. Following the design in prior studies (Xue et al.
2024; Tang et al. 2024; Yi et al. 2025), an LRU caching strat-
egy is implemented to retain the most frequently activated
experts. The entire fine-grained scheduling system adopts a
multi-threaded architecture, enabling precise asynchronous
execution of expert computation and loading.

Expert Decomposition and Prediction
A typical MoE layer comprises N expert modules and a

the router selects the top-k experts and distributes the input
accordingly. Spare MoE layers. The router at layer | com-
putes expert selection scores as follows:

Gi(X) = Softmax TopK(X, WQ',; k) ; (D

where Wél) 2 R N s the routing weight matrix that maps
the input to expert logits, and TopK( ; k) retains the K high-
est scores, setting the rest to zero. The softmax function nor-
malizes the selected logits to yield the gating weights G;(X).

The output of the MoE layer is a weighted sum over the
outputs of the selected experts:

X
yi=  Gi(xDi Ei(x); ()

i=1

where E;j( ) denotes the output of the i-th expert.
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Figure 2: Overview of FIRM-MoE. The left shows MOL, where predictions are collaboratively generated by preceding layers.
The middle illustrates the HEOP execution flow and fine-grained expert transmission and computation queues, where compu-
tation starts once each expert weight finishes loading. The right shows the hierarchical CPU-GPU expert memory structure.
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Figure 3: An overview of expert architecture in the
DeepSeek, Qwen, and OLMOoE series of MoE models, con-
taining three main weight matrices: Wyp, Wge, and Wyown.

Expert Decomposition. As shown in figure 3, each expert
typically consists of two (Jiang et al. 2024) or three linear
transformation matrices. For instance, in the Qwen-series
MoE models, each expert Ej contains three matrices: Wy,
W.p, and Wyoy,. The forward computation within an expert
is defined as:

Ei (X) = Wdown (f (Wgatex) Wupx) ; (3)

where () is an element-wise activation function (e.g.,
SiLU), and  denotes Hadamard (element-wise) product.
We treat each weight matrix (e.g., Waae, Wup, Waown) as a
decomposable and independently loadable sub-experts dur-
ing expert management and transmission.

Expert Prediction and Pre-fetching. Before MoE infer-
ence, expert prediction is first performed by feeding the rout-
ing input from the previous layer X; to MoE layer. Assume
the experts potentially activated at layer | + 1 are predicted
based on Xj, the predicted sets of experts Sj4+1 can be ex-
pressed as follows:

S)+1 = TopKIndices(X| Wg(|+1) 1 K): “

where TopKIndices( ) denotes the indices of the topk scor-
ing experts. Wg(|+1) represents the weight matrix of the

router at the (I + 1) layer, and X is the input to the router at
layer I.

After obtaining the predicted experts set, the correspond-
ing experts are pre-loaded to the GPU for performing com-
putation. Depending on the model scale, different pre-
fetching granularities (n) can be applied to balance loading
overhead. A detailed analysis of this design is presented in
the experimental section under Fine-Grained Pre-fetching.

Meeting-of-Layers (MoL)

Current expert prediction approaches rely on adjacent layer
features and suffer from limited accuracy, particularly in the
shallow layers of the model (Zhong et al. 2024).

In FIRM-MoE, we introduce MoL mechanism within the
Pre-fetch Manager (Figure 2). Pre-fetch Manager coordi-
nates the layers participated in expert prediction, then selects
the most favored expert from among the numerous candi-
dates.

Specifically, in the prediction method based on Eq. (4),
when predicting the experts for layer |, the Pre-fetch Man-
ager jointly involves the preceding P layers (P <l) in the
decision-making process. Each participating layer m 2 [l
P; 1) independently predicts K candidate experts, with the
prediction function formally defined as follows:

Sl(m) = TopKIndices(Xm Wg(l); K); S

where Sl(m) denotes the prediction result of layer m for the
experts in layer |. Then, from all predicted candidates, high-
confidence experts are selected to form the predicted expert
set Sy for layer I:

NL
S = s, (6)

m=Il P

Compared to simply expanding the prediction range or tak-
ing the union of candidate sets, selecting high-confidence



predictions more effectively leverages inter-layer similarity
to improve prediction quality.

Evaluation Metric. Prediction Accuracy is defined as
the proportion of activated experts that are correctly pre-
dicted (Eliseev and Mazur 2023):

SINA
A

Prediction Accuracy = @)
where A\ is the total number of experts activated at layer .
Prediction Accuracy favors high prediction coverage rate,
ignoring the memory and CPU-GPU I/O overhead intro-
duced by pre-fetching excessive, unused experts.

Expert Utilization: To address the above issue, we define
a new metric named Expert Utilization that measures the
proportion of experts that are actually activated within the
prediction set:

SI\A )

iSi
Expert Utilization favors high expert prediction precision.
For edge deployment with resource constraints, this metric
ensures minimum overhead for expert pre-fetching. The ex-

perimental section provides a detailed comparison of Expert
Utilization given different prediction strategies.

Expert Utilization = 3

Resource-Adaptive Dynamic Pre-fetching

We design the MOL algorithm to predict the set of experts
involved in computation. Building upon this, we propose
HEOP, a resource-adaptive dynamic pre-fetching algorithm
to enhance MoE inference efficiency under strict computa-
tional resource constraints.

Optimization Objective. In FIRM-MoE, we aim to min-
imize the processing latency of MoE model inference, and
formulate the following optimization problem:

K;P =argr'g;|Fr)1 T(K;P) C)
st. C  Cmax (10)

where T (K; P) is the inference latency, K is the number of
candidate experts per layer, and P is the number of layers
participating in expert prediction. C denotes memory usage,
constrained by the maximum available memory Cmax.
Problem Complexity. The joint search over layer index,
prefetch depth P, and number of candidate experts K forms
a cubic search space, yielding a worst-case complexity of
O(n?). For example, in Qwen1.5-MoE-A2.7B with 24 lay-
ers, this results in tens of thousands of simulated infer-
ences—making exhaustive search impractical.

Hierarchical Expert Optimization and Pre-fetching
(HEOP). We propose HEOP for searching optimal con-
figurations that minimizes the optimization goals in Eq. (9).

Specifically, we defined the following loss function for
HEOP:

Lt = Nunused + (Nmiss  Nnit) (11)

The loss function evaluates MoL performance by balanc-
ing over- and under-prefetching. The term penalizes

Algorithm 1: Hierarchical Expert Optimization and Pre-
fetching (HEOP)

1: Input: default (K, P), weights (c, 8), interval Nypgae, cache
limit Cmax, model M, patience Pat

2: Output: group-wise optimal (K, P;)
/7 Initialize

G = {gsha110W7 YGmiddle gdeep} — M

: history Hg < (0, costL + 0, Vgeg

: Directiong < rand({K,P}), d,4 < rand({—1,+1})
// Start Optimization

6: for each token step ¢ do

7:  foreachg € Gdo

8: Record Tunused , Tmiss , Thit

|9 I "NV

9: ﬁ% = ¢ * Nunused + 6 . (nmiss - nhit)
10: Hy «+ H,U{L5%}
11:  end for
12:  if t mod Nypgae = O then
13: for each g € G do
14: L9 «+ avg(Hy)
15: if no improvement in past Pat steps then
16: 04 < —d4 // Switch Directiong
17: end if
18: if Directiony; = K then
19: Ky« Kg+ 44
20: else
21: Py« Py + 4y
22: end if
23: Apply (K4, Py) to all layers in g
24: end for
25:  endif

26: end for// Optimization completed
27: for each g € G do B

28:  (Kj,Py) < argmin g py L,

29:  Apply (K, P;) to group g

30: end for

unused experts that were prefetched but not used. The
term penalizes missing experts—those needed but not
prefetched—while accounting for cache hits. Formally, the
term is (Nmiss ~ Nhit), Where Ny;q counts required experts
absent from prefetching, and ny; counts those already in the
GPU cache.

Optimization Process. Observing that expert pre-fetching
accuracy differs between shallow and deep layers (Tang
et al. 2024), we partition the model layers into three groups:
shallow, middle, and deep. For each group, we apply a
coordinate-wise hill climbing strategy to optimize expert
configurations. By optimizing groups independently, the
search complexity is reduced to O(n), alleviating the scala-
bility challenges posed by the large number of experts.

As shown in Algorithm 1, HEOP maintains a group-
specific prefetch configuration (Kg; Pg) for each group g.
At each token step, the system records the predicted experts,
the actually activated experts, and the cache-hit experts, and
computes the group-wise cost L% according to Eq. (11). Ev-
ery Nupdate steps, the algorithm performs a lightweight di-
rectional search: either Ky or Py is adjusted by a small step

g 2 1;+1 based on recent cost trends. If no improve-
ment is observed over P at steps, the search direction g is
reversed and the search dimension is switched between K



and P . After the profiling phase, the configuration (Kg; Py )
with the lowest historical average cost is selected and fixed
for each group.
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Figure 4: Inference latency under various GPU memory con-
straints.

Experiments
Experiments Setup

Model and Datasets. To evaluate the performance of
FIRM-MoE, we test five models from Hugging Face (Face
2025) with varying sizes: Qwenl.5-MoE-A2.7B(14B-
A2.7B) (Team 2024), Qwen3-30B-A3B(30B-A3B) (Team
2025), DeepSeek-MoE-16B-Base(16B-A6.5B)(Dai et al.
2024), DeepSeek-V2-Lite(16B-A2.4B)  (DeepSeek-Al
2024), and OLMOE-1B-7B(7B-A7.3B) (Muennighoff
et al. 2024). Following previous work (Tang et al. 2024;
Kamabhori et al. 2024), we evaluate our method using the
Truthful QA (Lin, Hilton, and Evans 2021) dataset for
question-answering generation. Since the routing behavior
of MoE models can be significantly influenced by the
characteristics of the input data distribution, we further
conduct quantitative evaluation on the ShareGPT (Anon
2023) dataset to measure the end-to-end performance of the
model under varying input and output lengths.

Hardware.To evaluate the performance of our FIRM-
MoE in an edge environment, we deployed it on a device
equipped with an NVIDIA GeForce RTX 3090 GPU (24 GB
VRAM) and a 32-core CPU with 64 GB of memory. The
CPU and GPU are interconnected via a PCle 4.0 bus with a
theoretical bandwidth of 32 GB/s.

Metrics. Given that edge service scenarios primarily in-
volve the generation process of LLMs, we use decoding
speed as our performance metric. For evaluation, we select
50 high-quality samples with a maximum output length of
1024 tokens each. We measure decoding latency per output
token, averaged across all samples.

Baseline and Implementation Details. We compare
our method with several SOTA inference strategies: 1)
AP (Zhong et al. 2024), which uses a similarity-based pre-
diction method with a focus on cache design; 2) MI (Xue

et al. 2024) predicts expert similarity based on statis-
tical information from activation paths. We implement
MI with 100 and matrix clusters for different perfor-
mance. 3) DeepSpeed-MII (Microsoft 2023) adopts ZeRO-
Infinity (Rajbhandari et al. 2021) to offload model param-
eters to CPU and load them back on demand during infer-
ence. We also enable pin_memory to improve CPU mem-
ory read/write performance and reduce fragmentation. 4)
Fiddler (Kamahori et al. 2024) is a method that leverages
CPU-GPU collaborative computation. 5) Llama.cpp (ggml
authors 2023), together with Fiddler, is used as a baseline
to quantitatively analyze the impact of varying input and
output lengths. For Llama.cpp, we configure the ngl pa-
rameter—which controls the number of layers executed on
the GPU—based on the available expert cache size, ensur-
ing a fair comparison under different memory constraints.
6) We implement basic equal-ratio expert pre-fetching and
the coarse-grained pre-loading strategy proposed in (Eliseev
and Mazur 2023) as our baseline (BB).

Following prior work (Eliseev and Mazur 2023; Hwang
et al. 2024; Kong et al. 2023), we fix the batch size to 1.
We set 5 different expert cache size limits: 128, 256, 512,
768, and 896. Notably, our approach is orthogonal to model
compression techniques such as expert quantization, thereby
preserves model accuracy.

Experiments Results

Figure 5 shows the end-to-end performance of our
method across various models and input/output length set-
tings. FIRM-MoE consistently outperforms Fiddler and
Llama.cpp, achieving an average 1.31 throughput gain.
Fiddler suffers from noticeable latency under multi-expert
models due to its brute-force search strategy for balancing
GPU-CPU workloads. For fairness, we replaced it with a
greedy search variant in our evaluation, yet its performance
remained suboptimal.

Figure 4 presents inference latency under different GPU
expert cache sizes. Across all settings, FIRM-MoE achieves
lower latency than all baselines. On the Qwenl.5-MoE-
A2.7B model, where expert transfers dominate due to lim-
ited cache size (128 experts), FIRM-MoE achieves up to
1.8 speedup over BB; even with 768 experts, it maintains
a 1.6x advantage. Notably, when comparing the latency be-
tween 128 and 768 expert caches, FIRM-MoE incurs less
than 30% performance degradation while achieving a 2.85
reduction in memory usage. This significant memory saving
makes FIRM-MoE particularly suitable for deployment on
resource-constrained edge devices. As for DeepSpeed-MII
(DP), since it does not support fine-grained control over ex-
pert caching during inference, we approximate its behavior
by proportionally retaining a fixed amount of parameters on
the GPU. However, this design leads to the frequent trans-
fer of entire expert layers for each MoE layer, introducing
substantial overhead and resulting in degraded performance.
Therefore, we only report its latency on the relatively small
OLMOoE-1B-7B model.

The results demonstrate that FIRM-MoE consistently de-
livers superior performance under both varying input/out-
put lengths and different cache constraints. They also reveal






