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Abstract

The Mixture-of-Experts (MoE) architecture has emerged as a
key enabler for scaling large language models (LLMs), em-
powering increased model capacity with minimal computa-
tional overhead through gating-based dynamic expert activa-
tion. However, due to the memory demands introduced by
expert modules, MoE inference on resource-constrained de-
vices is still challenging. Existing methods such as model
compression and parameter offloading provide partial alle-
viation but often lead to reduced accuracy or increased la-
tency. In this paper, we propose CasMoE, a general and effi-
cient cascaded framework for accelerating MoE inference on
resource-constrained devices. CasMoE employs a two-stage
offline-online approach to facilitate efficient expert prefetch-
ing. In the offline stage, a parameterized Expert Activation
Predictor (EAP) is introduced to accurately predict the cor-
responding expert activation from the incoming prompt. In
the online stage, a non-parametric Expert Activation Matcher
(EAM) supporting fast expert retrieval is then integrated with
the EAP to form a cascade planner that operates indepen-
dently of the MoE architecture, predicting activated experts
for all MoE layers in a single pass prior to decoding. A gat-
ing mechanism is also incorporated to dynamically adjust the
sensitivity of the EAM and EAP, enabling a flexible trade-off
between inference efficiency and quality. Extensive experi-
ments on diverse downstream tasks demonstrate CasMoE’s
effectiveness in accelerating inference while preserving high
accuracy.

Introduction
Large language models (LLMs) have achieved remarkable
performance across a wide range of natural language pro-
cessing tasks (Devlin et al. 2019; Brown et al. 2020; Achiam
et al. 2023), largely driven by data and model scaling, at
the cost of substantial computational overhead (Kaplan et al.
2020). The Mixture-of-Experts (MoE) architecture (Shazeer
et al. 2017) has emerged as a promising solution for en-
hancing the scalability of LLMs by using a gating mech-
anism for efficient conditional computation (Fedus, Zoph,
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Figure 1: MoE enables efficient conditional computation
through a gating-based dynamic expert activation; however,
high memory overhead introduced by expert modules with
sparse activation poses significant challenges for inference
on resource-constrained devices.

and Shazeer 2022; Jiang et al. 2024; Liu et al. 2024; Ab-
din et al. 2024; Bai et al. 2023), as illustrated in Figure 1a.
However, the memory demands introduced by expert mod-
ules with sparse activation presents significant hurdles for
inference on resource-constrained devices. For instance, as
shown in Figure 1b, Mixtral-8×7B (Jiang et al. 2024) re-
quires approximately 87GB VRAM during inference, sur-
passing the available memory of even high-end GPUs like
the A100-80GB, which are widely used in practice. How-
ever, only about 24GB weights (i.e. dense components and
activated experts) are actually used during inference.

In recent years, model compression has become a popular
research field to decrease the memory overhead by reducing
the size of models (Chen et al. 2022; Kudugunta et al. 2021;
Li et al. 2024). However, it often sacrifices inference accu-
racy, especially under the circumstance of limited resources.
As an alternative, expert offloading has emerged as a promis-
ing approach, which alleviates GPU memory pressure by
transferring inactive experts to the CPU. Despite its benefits,
on-demand expert loading (HuggingFace 2022a) introduces
significant communication overhead due to its interleaving
execution between expert loading and computation. For ex-
ample, when inferencing on SST-2 (Socher et al. 2013) us-
ing Mixtral-8×7B, expert loading occupies 40.8% of the to-
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tal inference time, considerably degrading the inference effi-
ciency. To mitigate the CPU→GPU expert transfer latency,
SE-MoE (Shen et al. 2022) proactively pre-loads the next
layer’s all experts during the inference over the current one.
Nevertheless, as model size increases, this method exacer-
bates memory usage and inference latency due to redundant
expert loading, thereby limiting its applicability.

Recent work has leveraged the similarity of expert activa-
tions across adjacent MoE layers to improve inference effi-
ciency (Eliseev and Mazur 2023; Hwang et al. 2024; Zhong
et al. 2025; Tang et al. 2024; Xue et al. 2025; Yu et al. 2025).
For instance, Pregated-MoE (Hwang et al. 2024) employs a
pre-gating mechanism that predicts and prefetches experts
of subsequent layer. HOBBIT (Tang et al. 2024) assesses ex-
pert importance and optimizes computation-communication
overlap through mixed-precision expert prefetching across
layers. MoE-Infinity (Xue et al. 2025) performs at the se-
quence level, tracking expert usage patterns based on activa-
tion similarities. Despite their benefits, fast similarity-based
activation matching and static cross-layer predictor place-
ment that requires high accuracy but lacks flexibility—often
struggle to strike the balance between inference efficiency
and quality, ultimately resulting in suboptimal performance
on downstream tasks. Additionally, the current layer-wise
prediction approach introduces the waste of pipeline par-
allelism capabilities, making it crucial to develop effective
mitigation strategies.

To tackle the above challenges, especially the trade-
off between efficient matching-based policy and effective
predictor-based policy, we introduce CasMoE, a general
and efficient cascaded framework for accelerating MoE in-
ference on resource-constrained devices, as shown in Fig-
ure 2. CasMoE employs a two-stage offline-online approach
to facilitate efficient expert prefetching. In the offline stage,
given a dataset and pre-trained MoE model weights, we
trace the expert activation patterns during the MoE inference
over different prompts, known as data calibration. Then,
we introduce a parameterized expert activation predictor
(EAP) comprising a lightweight encoder and predictor heads
to accurately predict the expert patterns from the prompt.
Meanwhile, we construct a non-parametric expert activation
matcher (EAM) which leverages similarity-based indexing
over a key-value table mapping prompt embeddings to ex-
pert patterns, enabling approximate nearest expert retrieval.
In the online stage, we propose a standalone Cascade Plan-
ner that integrates the EAM supporting data updates and the
EAP, to predict expert patterns for all MoE layers in a sin-
gle pass prior to decoding. A gating mechanism is incor-
porated to dynamically adjust the sensitivity of the EAM
and EAP, enabling a flexible trade-off between inference ef-
ficiency and quality. Upon a new inference prompt arrives,
the cascade planner operates to efficiently predict expert pat-
terns across all MoE layers, which are then utilized to guide
the top-k expert selection and preloading, thereby facilitat-
ing the subsequent MoE decoding.

Our contributions are summarized as follows:
• We present CasMoE, a general and efficient cascaded

framework for accelerating MoE inference on resource-
constrained devices. It integrates an expert activation

matcher (EAM) with an expert activation predictor
(EAP), connecting with a gating mechanism that dynami-
cally adjusts their sensitivity to enable a flexible trade-off
between inference efficiency and quality.

• We introduce a non-parametric EAM that leverages
similarity-based indexing over a key-value table mapping
prompt embeddings to expert activation patterns, to en-
able approximate nearest expert retrieval while support-
ing data updates.

• We design a parametric EAP, comprising a lightweight
encoder with contrastive learning and predictor heads ar-
chitecture. The EAP is trained end-to-end to improve the
accuracy of expert predictions.

• Experimental results demonstrate the effectiveness of
CasMoE, achieving 65.13% throughput improvements
with over 96.6% performance preservation compared to
on demand expert offloading baseline.

Related Work
Mixture of Experts
The MoE architecture (Shazeer et al. 2017) introduces a gat-
ing network, commonly referred to as a “router”, that selec-
tively activates only a small subset of expert modules (es-
sentially feedforward neural networks) for each token. This
mechanism enables the model to scale its capacity efficiently
without a proportional increase in computational cost (Lep-
ikhin et al. 2021; Du et al. 2022).

As illustrated in Figure 1a, a typical MoE layer con-
sists of a router and a set of experts, denoted as E =
{e1, e2, · · · , eK}. For a given token x ∈ Rh, the router first
computes the activation scores over the experts:

G(x) := Softmax(x ·Wg), (1)

where Wg ∈ Rh×K is the router’s weight matrix, h is the di-
mensionality of the token representation, and K is the num-
ber of experts.

In existing studies, the top-k experts with the highest ac-
tivation scores G(x), computed based on local token-level
features, are selected at each layer to participate in the for-
ward inference. Accordingly, the output of the MoE layer
can be formulated as:

y =
k∑

i=1

Gi(x)ei(x), (2)

where Gi(x) is the gating score of the i-th selected expert,
and ei(x) is the response of that expert to the input.

Expert Offloading
Offloading inactive parameters to auxiliary storage is an ef-
fective way to alleviate GPU memory constraints and en-
able efficient MoE inference on resource-constrained de-
vices. While prior work (Rajbhandari et al. 2021; Aminabadi
et al. 2022; Sheng et al. 2023; Jeong, Baek, and Ahn 2023;
Kwon et al. 2023) has focused on system-level inference
optimization, most approaches have been tailored to dense
LLMs, neglecting the sparse activation patterns intrinsic to

26134



of
fli

ne
on

lin
e

Data Calibration

Prompts Responses ExpertPatternsDataset



Expert Tracer

 

 Expert Activation Predictor (EAP)





Text 
Encoder

LossGT

MLP


MoE Inference

MoE Layer L

Non-MoE Layer 1
MoE Layer 1 2 4

Non-MoE Layer L
2 3

Non-MoE Layer l
MoE Layer l 1 7




Xi

saw how bad this movie was Embedd
Model

Cascade Planner

hit miss

EAP

 Expert Activation Matcher (EAM)

0

h

Index Value

h-1

 PDB



Avg(            )

k '
sim u v u v

u v
,� � � �

 Gating

Top-K Selector 

layers

ex
pe

rt
s

1

3
4
5
6
7
8

2
3
4
5
6
7
8

2
11

3
4
5
6
7
8

2
1

3
4
5
6
7
8

2
1

3
4
5
6
7
8

2
1

3
4
5
6
7
8

2
1

3
4
5
6
7
8

2

   

l

①
②

③

④

⑤

⑥

Figure 2: Overview of CasMoE. In the offline stage, we trace the expert patterns of the given dataset on the pre-trained MoE
model, which are then used to construct an expert activation matcher (EAM) and train an expert activation predictor (EAP).
In the online stage, we introduce a cascade planner independent of MoE that incorporates the EAM with the EAP. For each
incoming prompt Xi, we first compute its embedding and then utilize the cascade planner to predicts the corresponding expert
patterns for all MoE layers in a single pass, where a gating is used to dynamically adjust the sensitivity of the EAM and the
EAP. The top-k selected experts are then preloaded into the corresponding MoE layer for efficient inference.

MoE models. Another line of work (Kamahori et al. 2025;
Zhang, Aggarwal, and Mitra 2025; Song et al. 2024b) ex-
plores CPU’s computing capacity to assist expert execu-
tion to reduce the latency caused by expert weight transfers.
However, given that the CPU’s computation speed is signifi-
cantly lower than that of the GPU, this approach may be less
effective in latency-sensitive scenarios.

Notably, Mixtral-Offloading (Eliseev and Mazur 2023)
highlights the significance of expert activation similarity
across layers for expert offloading to improve the efficiency
of MoE inference (Zhong et al. 2025). Building on this
insight, Pregated-MoE (Hwang et al. 2024) and ProMoE
(Song et al. 2024a) substitute original routers with integrated
expert predictors, enabling expert prediction and prefetch-
ing at the single-layer level and across multiple strides, re-
spectively. SiDA-MoE (Du et al. 2024) further enhances
the inference efficiency by introducing a data-aware hash
function that explores activation sparsity to support parallel
prefetching. MoE-Infinity (Xue et al. 2025) utilizes activa-
tion similarity to track expert usage patterns at the sequence
level. Meanwhile, fMoE (Yu et al. 2025) combines semantic
matching with expert activation trajectories to enable cross-
layer expert prefetching. However, these methods generally
struggle to strike a balance between inference efficiency and
quality, thereby limiting their suitability for diverse down-

stream tasks.

Methodology
Figure 2 illustrates the overall framework of our CasMoE,
which employs a two-stage strategy to enable a flexible
trade-off between inference efficiency and quality.

Problem Formulation

The objective of expert prefetching is two-fold: i) to obtain
precise expert selections that aligns with a given prompt, and
ii) to efficiently load them for MoE inference. Formally, let
E = {E0, E1, · · · , EL} denote the set of experts activated for
a single token during inference, where El is the selected ex-
pert set at the l-th layer and L is the total number of MoE lay-
ers. Consequently, |El| is typically 1 or 2. Unlike traditional
token-level expert prefetching, we explore prompt-level ex-
pert prefetching, aiming to utilize effective, albeit limited,
experts sized k×L for high-performance inference. k is the
selected number of experts in each layer. Our objective is to
develop a cascaded planner P , when given an input prompt
Xi, anticipates the expert set E , mathematically expressed
as E = P(Xi), to optimize inference throughput while pre-
serving inference accuracy.
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Data Calibration
Well-designed data calibration of expert patterns is the key
to successful P . Consider a dataset comprising M prompts.
For each prompt Xi = {x1, x2, · · · , xm}, the pre-trained
MoE model generates an output Yi = {y1, y2, · · · , yn} in an
autoregressive manner, where m and n denote the lengths of
the input and output, respectively. To effectively characterize
our proposed prompt-level expert prefetching method, we
construct a novel expert pattern label that considers both the
frequency of expert selection and its significance for token
decoding, which is represented by:

EP =
m∑
j=1

α · I(e ∈ xj) (3)

where α is the output of the MoE’s router and I (·) is an indi-
cator function, which equals 1 if e is used for xm inference
and 0 otherwise.

When the calibration is complete, we can obtain a ex-
pert pattern matrix EP i with the size of L × K, where L
is the number of MoE layers and K is the number of ex-
perts per layer, respectively. By pairing each prompt Xi with
its corresponding expert pattern EP i, we obtain a collec-
tion of data pairs {Xi, EP i}, which constitutes a dataset
D = {Xi, EP i}Mi=1.

Cascade Planner
To balance inference efficiency and quality, we propose a
cascade planner P that integrates a non-parametric expert
activation matcher (EAM) with a parameterized expert acti-
vation predictor (EAP), enabling high-quality learning of ex-
pert activation patterns without relying on intermediate MoE
results.

Expert Activation Matcher (EAM). To accelerate the
MoE inference, it is essential to quickly identify which ex-
perts should be prefetched. To this end, we construct a non-
parametric expert activation matcher (EAM) based on the
dataset D. For each prompt Xi, we compute its embeddings
using the sentence-transformers (Reimers and Gurevych
2019), serving as the key in the Pattern Database (PDB), and
store the corresponding expert activation patterns EP i as
its associated value. A Hierarchical Navigable Small World
(HNSW) index (Malkov and Yashunin 2018) is then built
over the keys to enable similarity-based approximate near-
est expert search. In particular, the distance of two prompt
embeddings u and v are discriminated using cosine similar-
ity, which is described as follows:

cosine sim (u,v) =
u · v

∥u∥ ∥v∥
. (4)

In light of this, we compute the embeddings of each
prompt Xj in the mentioned manner to obtain the analogous
expert patterns {EPj}k

′

j=1 by retrieving the top-k′ most sim-
ilar keys. Then, a fused output of EAM is generated by a
weighted average combination of queried expert patterns, as
formulated below:

ÊP j =
1

k′

k
′∑

j=1

EP j . (5)

The ÊP j is used for final expert selection for Xj inference.
By leveraging the efficiency of PDB, EAM enables rapid
expert retrieval.

Expert Activation Predictor (EAP). While improving
inference speed is important, ensuring inference quality is
equally vital. Comparing to EAM that offers fast patterns re-
trieval, the parameterized expert activation predictor (EAP)
is designed to accurately predict the expert activation pat-
terns from the prompt. As the input semantics need to be
carefully comprehended to extract latent critical informa-
tion from input sequences to activate the most relevant ex-
perts, EAP employs a lightweight encoder-only architecture.
Specifically, EAP uses a lightweight BERT model to cap-
ture rich linguistic features within the prompt and produce
a robust embedding. Following this, we attach L prediction
heads to model the embedding to the expert patterns. Each
head is implemented as a multi-layer perceptron (MLP) with
an output dimension of K.

Gating. To enable a flexible trade-off between inference
efficiency and quality for different prompts, we introduce a
gate to cascade planner P to dynamically adjust the sensi-
tivity of the EAM and the EAP. In particular, we utilize the
cosine similarity produced from EAM as a confidence score.
As shown in Figure 2, if the score is higher than the thresh-
old ϵ, the result of EAM will be adopted; otherwise, EAP
will be called to predict the pattern from the prompt.

Training and Inference
End-to-End EAP Training. Given the dataset D, we train
the EAP in an end-to-end manner. To enhance the robustness
of semantic embeddings, we adopt a unsupervised training
scheme from SimCSE (Gao, Yao, and Chen 2021) to the
training of our encoder. Specifically, for each prompt Xi,
where i ∈ M , we construct its corresponding positive exam-
ple X+

i by duplication, forming a positive pair (Xi, X
+
i ).

This pair is fed into the encoder to yield two intermediate
embeddings hi and h+

i . The training objective for each pair
(Xi, X

+
i ) is to minimize the InfoNCE loss:

ℓi = − log
esim(hi,h

+
i )/τ∑M

j=1 e
sim(hi,h

+
j )/τ

, (6)

where τ is a temperature hyperparameter and sim(h, h+) =
hTh+

∥h∥∥h+∥ is the cosine similarity. Accordingly, the training
loss of the encoder is defined as follows:

Lcont =
1

M

M∑
i=1

ℓi. (7)

On the other hand, we treat this target as a regression
task towards a pattern vector label. This perspective lays
the groundwork for learning more flexible expert selection
strategies, particularly tailored to the contiguous feature of
EP. The training objective of EAP is to minimize the Huber
Loss (Huber 1964) between the predicted and actual expert
patterns, which is expressed as:

Lhb =

{
1
2 (pi − p̂i)

2
, if |pi − p̂i| < δ

δ(|pi − p̂i| − 1
2δ), otherwise

(8)
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where p̂i is the expert patterns predicted by the EAP, pi is the
ground-truth patterns, and δ is a hyperparameter that con-
trols the transition between mean squared error (MSE) and
mean absolute error (MAE). Specifically, MSE is used when
|pi − p̂i| < δ, and MAE is applied otherwise.

Therefore, the total loss function for EAP end-to-end
training is described as:

Ltotal = αLcont + Lhb, (9)

where α is a hyperparameter.

Inference
During the inference phase, our cascade planner P aims to
predict the expert activation patterns for all MoE layers prior
to decoding. As illustrated in Figure 2, for each incoming
prompt, we first compute its embedding using embedded
model and then use EAM to retrieve the top-k′ embeddings
to derive fused patterns. EAP is then triggered for pattern
prediction iff the embedding similarity is below the thresh-
old ϵ. The expert activation patterns obtained by P are sub-
sequently converted to expert selection by top-k and further
utilized by system to prefetch corresponding experts for de-
coding. In addition, we introduce a buffer with size C to tem-
porarily store newly arrived prompts and their corresponding
expert patterns. Once the buffer reaches capacity, its con-
tents are used to update the PDB.

Experiments
Experimental Setup
Models and tasks. We utilize Mixtral-8x7B (Jiang et al.
2024) with a mixed quantization configuration as the base-
line MoE model for evaluation and conduct experiments
on the general benchmark GLUE (Wang et al. 2018) and
MMLU (Hendrycks et al. 2021), as well as the translation
task WMT16 (Bojar et al. 2016). Specifically, we select
eight datasets from the GLUE, including CoLA (Warstadt,
Singh, and Bowman 2019), SST-2 (Socher et al. 2013),
MRPC (Dolan and Brockett 2005), QQP (DataCanary et al.
2017), MNLI (Williams, Nangia, and Bowman 2017), QNLI
(Rajpurkar et al. 2016), WNLI (Levesque, Davis, and Mor-
genstern 2012), and RTE (Giampiccolo et al. 2007).

Baselines. To evaluate the effectiveness of our proposed
approach, we compare the following widely used baselines
with the same model and datasets.

• All-in-GPU: All experts are placed on the GPU through-
out inference. It is also known as “Vanilla Model”.

• MoE-OnDemand (HuggingFace 2022a): All experts are
stored on the CPU. Experts are dynamically loaded into
the GPU when selected for inference.

• SE-MoE (Shen et al. 2022): All experts reside on the
CPU. During the execution of the current MoE layer, all
experts in the next-layer are pre-migrated to the GPU.

• Mixtral-Offloading (Eliseev and Mazur 2023): Predicts
next-layer experts based on inter-layer activation similar-
ity and employs a least recently used (LRU) strategy for
expert cache replacement.

• AdapMoE (Zhong et al. 2025): A sensitivity-based
adaptive gating mechanism is utilized to enable the
prefetching of multiple next’s layer experts.

Implementation. We implement CasMoE based on Py-
Torch. Given the nascent nature of our research focus, we de-
sign a representation of prompt-level expert activation pat-
terns. EAM uses a buffer size of C = 30 to refresh the PDB
with new datas. EAP uses six-layer TinyBERT and a two-
layer MLP network, with a hidden size of 64 and an inter-
mediate size of 128 in most scenarios. Adam (Kingma and
Ba 2015) optimizer is used for training EAP with a learning
rate of 6× 10−7 and a loss weight of 0.05. All experiments
are conducted on a server equipped with four NVIDIA RTX
4090 GPUs and dual Intel Xeon Gold 6330 CPUs.

Evaluation Metrics. Similar to existing research on ex-
pert offloading, we quantitatively compare the performance
of MoE inference in terms of quality and efficiency, using
the HuggingFace’s Evaluate library (HuggingFace 2022b).
Specifically, we adopt standard evaluation metrics: Sacre-
BLEU for WMT16 and accuracy for GLUE and MMLU
benchmarks. Note that higher accuracy, SacreBLEU and
throughput, as well as lower inference latency, reflect bet-
ter performance.

Experiment Results
Inference Quality. Table 1 provides the inference quality
comparisons between CasMoE and baselines on GLUE. We
use All-in-GPU as the baseline to indicate the upper bound
of performance among all methods. As shown in the table 1,
All-in-GPU consistently achieves top results across most
metrics, supporting its role as the performance upper bound.
Since all needed experts are scheduled precisely, both MoE-
OnDemand and SE-MoE achieves the same inference accu-
racy as the All-in-GPU on all datasets. Among all predic-
tive work, our method is commonly competitive over most
datasets, performing as the second-best result in all base-
lines. We observe that our method yields suboptimal per-
formance on certain datasets like CoLA and QQP, which are
characterized by high subjectivity. After quantization and of-
floading, CasMoE generative capability is somewhat weak-
ened, leading to reduced comprehension of such complex
and nuanced inputs.

Table 2 illustrates the accuracy comparison on MMLU
and WMT16. Results demonstrates that Mixtral-Offloading
and AdapMoE are able to maintain relatively good perfor-
mance on MMLU, but perform poorly on long-sequence
tasks. The former and the latter can only reach 63% and
57% of vanilla model’s performance. In contrast, our Cas-
MoE achieves inference performance of 0.572 and 34.153
on MMLU and WMT16, preserving approximately 57.2%
and 80% of the inference accuracy, respectively. This ben-
efits from our high-quality expert prediction and prefetch-
ing at prompt level, which jointly take into account both the
frequency of expert selection and its significance to token
decoding.

Inference Efficiency. Figure 5 presents the throughput
and latency comparisons on GLUE. In contrast to previ-
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Method GLUE Avg.
CoLA SST-2 MRPC QQP MNLI QNLI WNLI RTE

All-in-GPU 0.72 0.89 0.74 0.72 0.54 0.74 0.69 0.77 0.73
MoE-OnDemand 0.72 0.89 0.74 0.72 0.54 0.74 0.69 0.77 0.73
SE-MoE 0.72 0.89 0.74 0.72 0.54 0.74 0.69 0.77 0.73
Mixtral-Offloading 0.64 0.69 0.51 0.59 0.48 0.54 0.62 0.62 0.59
AdapMoE 0.72 0.88 0.67 0.78 0.39 0.48 0.56 0.68 0.64
CasMoE (ours) 0.72 0.88 0.72 0.70 0.50 0.73 0.69 0.74 0.71

Table 1: We evaluated the inference accuracy of our method against the most representative approaches on GLUE, where our
method consistently outperformed other expert prefetching works on most of datasets. Bold values indicate the best results.
Underline values indicate the second-best results.

Method QA.Task Trans.Task
MMLU WMT16

All-in-GPU 0.792 43.366
MoE-OnDemand 0.792 43.366
SE-MoE 0.792 43.366
Mixtral-Offloading 0.626 27.720
AdapMoE 0.507* 25.024
CasMoE (ours) 0.572 34.153

Table 2: Accuracy comprisons on MMLU and WMT16. *
indicates OOM occurred with all prompts, so the evaluation
entries are slightly reduced. Underline values indicate the
second-best results.

ous baselines, CasMoE delivers a 10× performance im-
provement over SE-MoE and a 2× improvement over ME-
OnDemand. Furthermore, our prompt-level design enables
CasMoE to achieve notable increasement in inference effi-
ciency over original model, even in comparison with other
baselines with predictor designs. As evidenced by results, a
throughput exceeding 3.0 is achieved for nearly all GLUE
subsets.

We also illustrate the inference efficiency of CasMoE on
MMLU and WMT16, as shown in Figure 3 and Figure 4.
The results highlight that CasMoE achieves higher-quality
output by activating only a small set of frequently effective
experts, outperforming token-based selection in extended
sequence inference while maintaining high efficiency. This
demonstrates CasMoE’s capability to effectively capture ex-
pert activation patterns.

Method Accuracy↑ Throughput↑

All-in-GPU 0.72 2.963

ours (EAP) 0.71 2.971
ours (EAP + EAM) 0.72 3.074

Table 3: Inference quality and efficiency results of EAP,
EAP with EAM (ϵ = 0.3) and All-in-GPU on CoLA.

Figure 3: Latency evaluation on MMLU and WMT16.

Figure 4: Throughput evaluation on MMLU and WMT16.

Label Accuracy↑

All-in-GPU 0.72

count 0.62
ours (EP) 0.72

Table 4: Evaluation of label design on CoLA. Note that
“count” and “All-in-GPU” denotes prompt-level expert fre-
quency softmax and token-level expert selection, respec-
tively.

Ablation Study. As illustrated in Table 3, EAP shows
strong performance, achieving 98% prediction accuracy
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(a) Throughput

(b) Latency

Figure 5: Throughput and latency comparisons of CasMoE with different baselines on GLUE.

with 10.73 ms computation and 300 MB memory. Combin-
ing EAP with EAM further leads to even better performance,
as EAM alone attains comparable prediction accuracy with
only 1.22 ms computation. This improvement stems from
EAP’s data collection, we directly gathered EAP’s outputs,
introducing additional information. By aggregating multiple
outputs, we adopted a strategy similar to few-shot learn-
ing. Moreover, EAM’s fast retrieval allow us to bypass
BERT computation, reducing planner overhead and improv-
ing throughput.

Table 4 indicates the effectiveness of our prompt-level
pattern scheme. Due to unstable distribution of collected la-
bel using count and difficulty for EAP to predict, its infer-
ence accuracy is relatively low. In contrast, our EP’s design
fully considers experts’ influence during inference. More-
over, the EP matrix is smoother, making it more amenable
to gradient-based prediction. As a result, EP outperforms the

count-based softmax approach.

Conclusion
In this paper, we present CasMoE, a novel dynamic infer-
ence acceleration framework designed to enhance MoE in-
ference performance on resource-limited devices. CasMoE
introduces a cascade planner, which performs to efficiently
predict expert activations of all MoE layers. This enables
expert selection and preloading to facilitate decoding. Con-
sidering both inference efficiency and quality are vital for
performance, the planner integrates two components: EAP
for precise expert pattern prediction and EAM for rapid
similarity-based retrieval. A gating mechanism dynamically
adjusts the influence of EAM and EAP to balance infer-
ence efficiency and quality flexibly. Extensive experiments
on widely used datasets demonstrate that CasMoE achieves
state-of-the-art performance across a range of tasks.
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