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Large-Language Models (LLMs)

“Summarize this paper”
 MoE LLM

Transformer block (TB) 1

Transformer block (TB) L

Embedding layer

Language modeling head

… 

“This”

MoE LLM
Embed

TB L

Head

TB 1 …

“This”

“paper”

MoE LLM
Embed

TB L

Head

TB 1 …

“This paper”

MoE LLM
Embed

TB L

Head

TB 1 …

“This paper is”

“is” “about”

Iteration 1

Prefill Decode …

Iter. 2 Iter. 3 Iter. 4



4

Mixture-of-Experts (MoE) Based LLMs
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Pros & Cons of MoE-based LLMs
Compute Efficiency Serving Memory Inefficiency

FLOPs reduced

Inactive parameters 
to load into GPU

Pan, Bowen, et al. "Dense training, sparse inference: Rethinking training of 
mixture-of-experts language models." arXiv preprint arXiv:2404.05567 (2024).

https://medium.com/chivian-technology/mixture-of-experts-moe-vs-
chatgpts-algorithm-a-technical-comparison-a692d533bbc4



6

Existing Works on Efficient MoE Serving

MoE Serving

Lossy Serving

Compression 
(MoE-I2 [38])

Quantization 
(MoQE [23])

Lossless Serving

Fine-grained 
(FineMoE)

Coarse-grained 
(Mixtral-Offload [16], 


MoE-Infinity [52])



7

Existing Works on Efficient MoE Serving

MoE Serving

Lossy Serving

Compression 
(MoE-I2 [38])

Quantization 
(MoQE [23])

Lossless Serving

Fine-grained 
(FineMoE)

Coarse-grained 
(Mixtral-Offload [16], 


MoE-Infinity [52])



8

Existing Works on Efficient MoE Serving

MoE Serving

Lossy Serving

Compression 
(MoE-I2 [38])

Quantization 
(MoQE [23])

Lossless Serving

Fine-grained 
(FineMoE)

Coarse-grained 
(Mixtral-Offload [16], 


MoE-Infinity [52])



9

Existing Works on Efficient MoE Serving

MoE Serving

Lossy Serving

Compression 
(MoE-I2 [38])

Quantization 
(MoQE [23])

Lossless Serving

Fine-grained 
(FineMoE)

Coarse-grained 
(Mixtral-Offload [16], 


MoE-Infinity [52])

Latency

Memory 

No offload

DeepSpeed

Mixtral-offload

ProMoE

MoE-Infinity

fMoEFineMoE



10

Expert Tracing and Offloading
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Pattern-Based Expert Predictions
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Problems of Coarse-Grained Offloading
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Problems of Coarse-Grained Offloading
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Coarse-Grained vs. Fine-Grained Offloading
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FineMoE: Fine-Grained Expert Offloading
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Figure 8. Mean expert hit rates of different semantic and
trajectory similarity scores with LMSYS-Chat-1M.

is selected. We use partial expert maps from the selected
iteration, {P(𝐿)

1 , . . . , P(𝐿)
𝑀 } → mapold

𝐿 , to guide layers 𝐿 → [1,𝑀].

4.2.2 Trajectory-based Expert Map Search. We leverage
expert probability trajectories of previous (𝐿 ↑ 𝑀) layers to
search expert maps for layers 𝐿 → [𝑀 +1, 𝑁]. Specifically, when
𝐿 = 𝑀 + 1, we use the past expert trajectories from Layer 1
for prediction; when 𝐿 = 𝑀 + 2, we use the past trajectories
from Layers 1 and 2; and so on. When 𝐿 = 𝑁 (last layer), we
use the past trajectories from Layers 1 to 𝑁 ↑ 𝑀 for prediction.
Figure 7(b) shows the trajectory-based expert search for a
layer 𝐿 → [𝑀+1, 𝑁] in four steps: b1) collect previous trajectory
{P1, . . . , P𝑁↑𝑀 } from Layers 1 to 𝐿 ↑ 𝑀 , b2) compute similarity
scores using collected trajectories with historical data points
in the Expert Map Store, b3) search similar expert maps
based on similarity scores, and b4) prefetch experts with high
probabilities for the layer 𝐿 → [𝑀 +1, 𝑁]. We repeat this process
until the last layer (Layer 𝑁) is completed.

Similar to the semantic-based search, we compute pairwise
cosine similarity scoretraj → R𝑂↓𝑃 between the observed tra-
jectories, mapnew → R𝑂↓ (𝑁↑𝑀 ) 𝑄 , and the collection of historical
expert maps, mapold → R𝑃↓ (𝑁↑𝑀 ) 𝑄 , in the Expert Map Store:

scoretraj
𝑅,𝐿 :=

mapnew
𝑅 ·𝑂𝑃𝑄old

𝐿

↔mapnew
𝑅 ↔ · ↔mapold

𝐿 ↔
, 𝑅 → [𝑆], 𝑇 → [𝑈] . (5)

We select the historical iteration with the highest score. Then,
we use P(𝐿)

𝑁 → mapold
𝐿 from the selected expert map to guide

the expert prefetching for the target layer 𝐿 → [𝑀 + 1, 𝑁].
By combining the two expert map search methods, we

carefully customize the map that guides expert prefetching
for every inference iteration in MoE serving. With this design,
expert map search introduces negligible overhead to the end-
to-end inference latency, which we demonstrate in §6.8.

4.2.3 Effectiveness of Semantic and Trajectory Similar-
ity. To verify how semantic and trajectory similarity scores
can guide expert offloading, we run three MoE models (Mixtral-
8↓7B, Qwen1.5-MoE, and Phi-3.5-MoE) with two datasets
(LMSYS-Chat-1M and ShareGPT). For each model and dataset,
we first run prompts and record their semantic embeddings
and expert trajectories, where each prompt generates one
data point consisting of a semantic embedding and an expert
map. Then, we exhaust all pairwise cases by calculating their
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Figure 9. Pearson correlation coefficients between semantic
and trajectory similarity scores and expert hit rates.

semantic and trajectory similarity and expert hit rate (i.e.,
overlapped expert ratio). Figure 8 shows the mean expert hit
rates of different semantic and trajectory similarity scores for
three MoE models with LMSYS-Chat-1M. Both semantic
and trajectory similarity can effectively indicate the accuracy
of historical prompts or expert maps for offloading.

To statistically quantify the correlations between similarity
score and expert hit rate, we calculate the Pearson correla-
tion coefficients [9] using all paired semantic and trajectory
similarity scores and corresponding expert hit rates in Fig-
ure 8. The Pearson coefficient is commonly used to measure
correlations between variables, where a coefficient close to 1
indicates a strong positive correlation and a coefficient close
to 0 means a weak correlation. Figure 9 shows the Pearson
coefficients between similarity score and expert hit rate with
three MoE models and two datasets. The results show that
high similarity scores potentially relate to high expert hit rates.

4.3 Expert Prefetching
Given the searched and customized expert map P(𝑆 )

𝑁 for a layer
𝐿 → [𝑁] in Iteration 𝑉, we explain how it guides FineMoE to
dynamically prefetch experts in fine granularity.

Similarity-aware expert selection. With the different con-
texts collected during iterations, expert maps searched by
FineMoE also have varying similarity scores.5 Figures 8 and 9
demonstrated that similarity scores can effectively indicate
the search confidence, where high searched similarity scores
potentially mean high expert hit rates. Hence, we design
FineMoE’s expert prefetching to be similarity-aware. For a
layer 𝐿 → [𝑁] with a score → [↑1, 1] to prefetch, we first dy-
namically compute an expert selection threshold 𝑊𝑁 → [0, 1]:

𝑊𝑁 := Clip(1 ↑ score, 0, 1) = max(0, min(1 ↑ score, 1)),

where score is the cosine similarity score computed in Equa-
tions 4 and 5. Given searched P𝑁 , we find the set of experts
to prefetch 𝑋prefetch by iteratively picking the expert with the
highest probability from P𝑁 = {𝑄𝑁,1, . . . , 𝑄𝑁, 𝑇 , . . . , 𝑄𝑁,𝑄 } until the

5In the following paper, we use “similarity scores” in both search contexts
for simplicity, i.e., semantic similarity in semantic-based expert map search
and trajectory similarity in trajectory-based search, respectively.
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is selected. We use partial expert maps from the selected
iteration, {P(𝐿)

1 , . . . , P(𝐿)
𝑀 } → mapold

𝐿 , to guide layers 𝐿 → [1,𝑀].

4.2.2 Trajectory-based Expert Map Search. We leverage
expert probability trajectories of previous (𝐿 ↑ 𝑀) layers to
search expert maps for layers 𝐿 → [𝑀 +1, 𝑁]. Specifically, when
𝐿 = 𝑀 + 1, we use the past expert trajectories from Layer 1
for prediction; when 𝐿 = 𝑀 + 2, we use the past trajectories
from Layers 1 and 2; and so on. When 𝐿 = 𝑁 (last layer), we
use the past trajectories from Layers 1 to 𝑁 ↑ 𝑀 for prediction.
Figure 7(b) shows the trajectory-based expert search for a
layer 𝐿 → [𝑀+1, 𝑁] in four steps: b1) collect previous trajectory
{P1, . . . , P𝑁↑𝑀 } from Layers 1 to 𝐿 ↑ 𝑀 , b2) compute similarity
scores using collected trajectories with historical data points
in the Expert Map Store, b3) search similar expert maps
based on similarity scores, and b4) prefetch experts with high
probabilities for the layer 𝐿 → [𝑀 +1, 𝑁]. We repeat this process
until the last layer (Layer 𝑁) is completed.

Similar to the semantic-based search, we compute pairwise
cosine similarity scoretraj → R𝑂↓𝑃 between the observed tra-
jectories, mapnew → R𝑂↓ (𝑁↑𝑀 ) 𝑄 , and the collection of historical
expert maps, mapold → R𝑃↓ (𝑁↑𝑀 ) 𝑄 , in the Expert Map Store:

scoretraj
𝑅,𝐿 :=

mapnew
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𝐿 ↔
, 𝑅 → [𝑆], 𝑇 → [𝑈] . (5)

We select the historical iteration with the highest score. Then,
we use P(𝐿)

𝑁 → mapold
𝐿 from the selected expert map to guide

the expert prefetching for the target layer 𝐿 → [𝑀 + 1, 𝑁].
By combining the two expert map search methods, we

carefully customize the map that guides expert prefetching
for every inference iteration in MoE serving. With this design,
expert map search introduces negligible overhead to the end-
to-end inference latency, which we demonstrate in §6.8.

4.2.3 Effectiveness of Semantic and Trajectory Similar-
ity. To verify how semantic and trajectory similarity scores
can guide expert offloading, we run three MoE models (Mixtral-
8↓7B, Qwen1.5-MoE, and Phi-3.5-MoE) with two datasets
(LMSYS-Chat-1M and ShareGPT). For each model and dataset,
we first run prompts and record their semantic embeddings
and expert trajectories, where each prompt generates one
data point consisting of a semantic embedding and an expert
map. Then, we exhaust all pairwise cases by calculating their
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and trajectory similarity scores and expert hit rates.

semantic and trajectory similarity and expert hit rate (i.e.,
overlapped expert ratio). Figure 8 shows the mean expert hit
rates of different semantic and trajectory similarity scores for
three MoE models with LMSYS-Chat-1M. Both semantic
and trajectory similarity can effectively indicate the accuracy
of historical prompts or expert maps for offloading.

To statistically quantify the correlations between similarity
score and expert hit rate, we calculate the Pearson correla-
tion coefficients [9] using all paired semantic and trajectory
similarity scores and corresponding expert hit rates in Fig-
ure 8. The Pearson coefficient is commonly used to measure
correlations between variables, where a coefficient close to 1
indicates a strong positive correlation and a coefficient close
to 0 means a weak correlation. Figure 9 shows the Pearson
coefficients between similarity score and expert hit rate with
three MoE models and two datasets. The results show that
high similarity scores potentially relate to high expert hit rates.

4.3 Expert Prefetching
Given the searched and customized expert map P(𝑆 )

𝑁 for a layer
𝐿 → [𝑁] in Iteration 𝑉, we explain how it guides FineMoE to
dynamically prefetch experts in fine granularity.

Similarity-aware expert selection. With the different con-
texts collected during iterations, expert maps searched by
FineMoE also have varying similarity scores.5 Figures 8 and 9
demonstrated that similarity scores can effectively indicate
the search confidence, where high searched similarity scores
potentially mean high expert hit rates. Hence, we design
FineMoE’s expert prefetching to be similarity-aware. For a
layer 𝐿 → [𝑁] with a score → [↑1, 1] to prefetch, we first dy-
namically compute an expert selection threshold 𝑊𝑁 → [0, 1]:

𝑊𝑁 := Clip(1 ↑ score, 0, 1) = max(0, min(1 ↑ score, 1)),

where score is the cosine similarity score computed in Equa-
tions 4 and 5. Given searched P𝑁 , we find the set of experts
to prefetch 𝑋prefetch by iteratively picking the expert with the
highest probability from P𝑁 = {𝑄𝑁,1, . . . , 𝑄𝑁, 𝑇 , . . . , 𝑄𝑁,𝑄 } until the

5In the following paper, we use “similarity scores” in both search contexts
for simplicity, i.e., semantic similarity in semantic-based expert map search
and trajectory similarity in trajectory-based search, respectively.
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Fine-Grained Expert Prefetch & Cache

Prefetch Priority Eviction Priority

Layer l, Expert j Current layer in inference
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Expert Map Store Deduplication
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modules are replaced by MoE layers.3 Each MoE layer con-
sists of a gate network and a set of expert networks. Inside
each Transformer block, the self-attention module first cal-
culates the attentions [54] based on input hidden states, and
then the gate network determines which expert(s) to acti-
vate for computing the output representations. Compared to
traditional dense LLMs, MoE-based LLMs only activate a
subset of parameters during training and inference, reducing
computational overhead while delivering superior generation
performance compared to dense LLMs with a comparable
number of parameters [1, 11, 23, 50, 57, 60].

Despite the benefits of saving training computations, MoE-
based LLM serving still suffers from GPU memory ineffi-
ciency as MoE inference requires loading all model param-
eters into GPU memory, including those inactive experts.
Table 1 characterizes three popular MoE models: Mixtral-
8→7B [23], Qwen1.5-MoE [60], and Phi-3.5-MoE [1]. During
inference, they exhibit 72%, 81%, and 84% inactive param-
eters, respectively, due to the sparsity of expert activation
in MoE. This corresponds to 67, 23, and 70 GB of inactive
GPU memory, resulting in low memory efficiency and serving
throughput. Therefore, to efficiently serve large MoE models,
we must seek a solution to the memory inefficiency inherited
from MoE architecture.

2.3 Latency-Memory Trade-Off
Recently, a few studies have been proposed to improve MoE-
based LLM serving efficiency. Figure 2 describes the de-
sign space in MoE serving. Existing major studies can be
categorized into two types: Lossy serving applies compres-
sion [44], pruning [30], and quantization [27] techniques
to the original MoE models to reduce the serving memory
requirements. However, this line of work achieves serving
efficiency by sacrificing the generation quality. Lossless serv-
ing focuses on offloading model weights (parameters [4, 41]
or experts [16, 51, 58]) that are sparsely utilized in tempo-
ral or spatial patterns from GPU memory to CPU memory,
aiming to preserve reasonable inference latency. Specifically,
expert offloading seeks to predict the activation of experts in
advance, prefetching or caching only the necessary experts

3For simplicity, we only show the process of one single request prompt.

Table 1. Characteristics of three MoE models.

MoE Models Parameters Experts Per Layer Num. of
(active / total) (active / total) Layers

Mixtral-8→7B [23] 12.9B / 46.7B 2 / 8 32
Qwen1.5-MoE [60] 2.7B / 14.3B 4 / 60 24
Phi-3.5-MoE [1] 6.6B / 42B 2 / 16 32

in GPU memory during inference. We opt for lossless serv-
ing to design FineMoE because this line of methods avoids
modifying models, hence assuring generation quality.

However, existing offloading solutions cannot achieve an
optimal spot in the latency-memory trade-off when serving
MoE-based LLMs. Figure 1b compares the performance (i.e.,
inference latency and memory footprint) of existing state-
of-the-art (SOTA) offloading solutions, which either provide
low inference latency but suffer from large memory foot-
print (e.g., No-offload and MoE-Infinity [58]), or vice versa
(e.g., ProMoE [51], Mixtral-Offloading [16], and DeepSpeed-
Inference [4]).

The key reason behind this dilemma is that MoE-based
decoder-only LLMs have balanced expert routing [51], leav-
ing existing solutions hard to find effective patterns for guid-
ing expert offloading. Existing research has identified two
main reasons for this dilemma: First, most MoE-based LLMs
are decoder-only architectures, which exhibit uniform expert
activation patterns and low expert access skewness compared
to encoder-decoder MoE LLMs [18, 51]. Second, recent MoE-
based LLMs employ a load-balancing loss [1, 11, 23, 50, 57],
which encourages the gate network to distribute tokens more
uniformly across experts within each MoE layer, making ex-
pert usage more balanced during training. This balanced
routing diminishes the predictability of expert patterns, thus
making existing solutions ineffective.

2.4 Existing MoE Offloading Solutions
Existing expert offloading approaches [16, 58] rely on coarse-
grained expert patterns, which are inefficient for guiding
offloading. We define coarse-grained information as the ex-
pert patterns collected at the request level, where information
is aggregated over multiple iterations of a request prompt.
For example, MoE-Infinity [58] tracks request-level expert
activations. Fine-grained information is defined as the ex-
pert patterns observed separately during each inference iter-
ation. Figure 3a shows examples of coarse-grained and fine-
grained expert activation heatmaps for Mixtral-8→7B [23].
The heatmap records the expert activations across 32 MoE
layers, where each layer contains eight experts and activates
two experts out of eight to compute representations. While
fine-grained (iteration-level) heatmaps show clear expert acti-
vation patterns, the aggregated coarse-grained (request-level)
heatmap diminishes predictability.
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