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Part 1: MoE in Mainstream AI

● Introduction to MoE
○ MoE in LLMs (DeepSeek)

● Time and Efficiency
○ Time-MoE: boosting performance while reducing runtime requirements

Part 2: MoE in IoT

● Real-time Schedulability
○ Scheduling Classifiers: latency-performance trade-offs

● IDK Cascades
○ Cascades with classifier dependencies
○ Cascades optimized for time-series input data
○ Class hierarchies in cascades

Overview
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MoE In Mainstream AI
Introduction to MoE
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• To understand the Mixture-of-Experts (MoE) architecture, one must first grasp the concept of 
an "Expert."

• An expert can be formally defined as a specialized machine learning model trained to 
accomplish a narrowly defined task.

• In the context of Large Language Models (LLMs), an expert constitutes a small module 
possessing knowledge within a specific domain (e.g., experts in Mathematics, Physics, or 
Literature).

• Within the Internet of Things (IoT) context, experts can be broadly categorized into two types:
• Uni-modality expert: A set of models that is trained with different constraints (such as 

different in size/training data) that operates on a uniform modality of data
• Multi-modality experts: A set of models that handles different types of data. For example 

experts in sound, vision, time-series etc. modality of data.
• With the definition of “expert”, we define the “mixture-of-expert” as the methods that develop 

frameworks to orchestra the experts to have better performance in model capability or to save 
memory.

• One of the methods to organize the MoE system is the “MoE cascade”

Introduction to MoE
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DeepSeekMoE: Towards Ultimate 
Expert Specialization in 

Mixture-of-Experts Language Models
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The MoE system in the context of LLMs faces 
the following major challenges:
• Knowledge Hybridity: Traditional MoE 

methods would select 2-4 experts out of 
8-16 total experts per token of generation. 
The small amount of experts may lead to 
the expert have mixed set of knowledge, 
making it less specialized

• Knowledge Redundancy: The token 
assigned to different experts may require 
some common knowledge to solve. 
However, such common knowledge may 
span across all experts

Background and Motivation
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Methodology
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Methodology: Fine-grained Expert Segmentation
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• This expert segmentation method divides 
the limited amount of large experts into 
many small experts.

• It enables each experts to be more 
specialized in its certain problem, instead of 
obtaining many mixing knowledges.

• Split N big experts that may have many 
knowledge in it into mN small experts that 
can be specialized in specific fields. When 
choosing the results. change from choosing 
K experts into choosing mK experts.

• Formally, the expert system is:



Methodology: Shared Expert Isolation
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• This method aims to solve the problem of 
general-world knowledge is repeatedly stored in 
many experts. 

• It solves it by introducing a shared expert that is 
always called. This shared expert will uniformly 
store the general-world knowledge.

• Formally the MoE routing becomes:



Methodology: Balancing the load
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• From the system performance point-of-view. The traditional MoE methods, when scaled, 
facing the following problems:
• Routing Collapse: The router tends to always choose some experts for all tokens and 

ignoring the other experts.
• Load Imbalance: When experts are distributed among many devices, the routing need 

to consider the balance between devices.
• The work solves it by introducing the following loss when training

• Expert-level balance loss
• Device-level balance loss



Experiment Setup
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• The proposed DeepSeek-MoE model is trained under 100B and 2T token size. 
• It is evaluated under the following tasks:

• Language Modeling
• Language understanding and reasoning
• Reading Comprehension
• Code generation
• Closed-book question answering

• The target of the experiment is to demonstrate:
• Under the same training condition, the DeepSeek-MoE can achieve better performance 

compared to other MoE methods
• The DeepSeek-MoE is comparable to the dense counterparties with less activated 

parameters
• The proposed modules is working as designed.



Experiment: Same training condition comparison
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Experiment: Compared with dense model
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Experiment: Ablation Studies
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MoE In Mainstream AI
Time & Efficiency
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Time & Efficiency

Why do we care about MoE?

In deployment consideration:
● Reducing computation load
● Reducing training cost
● Maintain higher-equivalent model capacity
 
In security and robustness consideration: 
● Higher robustness
● Reducing chance of false classification



Case study: TIME-MOE: 
BILLION-SCALE TIME SERIES 
FOUNDATION MODELS WITH 

MIXTURE OF EXPERTS
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Background & Motivation

Evaluation Task: Future Prediction, where H denote forecast horizon

For training large time-series foundation model, cost and model size 
become real limitation, how can we solve the bottleneck?

Solution: As MoE success on LLM, can we use MoE? 

Challenge in time series data: 
● Time-Series data are heterogeneous, make expert selection difficult
● Time-Series data face generalization limitation
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Methodology

Input Toke Embedding: 

MoE Transformer Block: 
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Methodology, Continued

Dataset: Time-300B

Training Loss:

Model Configuration: 
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Evaluation: Training Cost Change
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Evaluation: Performance Change

Performance Evaluation: 
● Lower MAE/MSE flag 

better model 
performance

● Quantitative comparison 
highlight the gain of 
time-MoE performance 
across other SOTA model



MoE in IoT
Real-time Schedulability
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Case study: Scheduling 
Classifiers for Real-Time Hazard 

Perception Considering 
Functional Uncertainty
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Background & Motivation

To run real time hazard detection, suppose we choose MoE model structure, 
how to balance the tradeoff between performance and latency/false-alarm? 
In edge device, equivalent expert run might be prohibited. What should be 
the order of exper to run?

Problem: How should we arrange 
the sequence expert to run under 
latency and minimum FN rate 
constraints?
● When all expert return 0, 

means no hazard
● When one expert return 1. 

means hazard
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Background: Modality Choice Trade Off

Generic Observation: 
As more modality being applied, FP rate 
Increase, and FN rate Decrease. On the 
contrary, as a runtime cost of model 
application, WCET and TCET also Increase.

Denotation: 
● FP: False Positive
● FN: False Negative
● WCET: Worst-case execution times
● TCET:  Typical-case execution times
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Background: Expert Correlation

Pearson’s correlation :

● From behavior, we observed 
moderate correlation, flag 
consistent expert prediction and 
moderate knowledge complement

● From execution time, we observed 
low correlation, flags independent 
runtime relationship
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Methodology

Static optimality:
FN rate < H
WCET < L

Typical-Case optimality:
FN rate < H
TCET < L 
If TCET< T < WCET
Excape set exist.

Clairvoyant optimality:
FN rate < H
ACET < L 

To better characterize the optimization problem, we define: 

Clairvoyant/Static Optimal Finding:
Given all combinations of expert table, find the entries of 
combination with minimum FP when FN < H and ACET/WCET < L
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Methodology: Typical Optimal Derive

Node Formation
Each node represent a batch of expert to 
run. Node with already FN < H will have no 
child, as there is no way to decrease FP by 
adding more expert to run. They have SOLID 
boundary.

Edge Formation
Each edge iff valid:

When multiple edge exist, Solid edge 
maximize the slack of time constraint, 
where the rest and Dashed, slack is: Find start reachable leaf with min FP!



GRAINGER ENGINEERINGCOMPUTER SCIENCE

Evaluation



MoE in IoT
IDK Cascades
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Cascades with Arbitrary 
Dependencies
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• IDK classifier: Instead of directly obtain the 
result, the classifier has the choice to say “I 
don’t know” (IDK) and pass it on.

• IDK cascade: The scheduling method for 
IDK classifier. When the weaker classifier 
says IDK, the strong one will take the 
position. 

• However, it requires a deterministic 
classifier to be the fail-safe choice.

• When we try to generalize IDK classification 
problem, we identified the following types of 
dependencies: Fully dependent, 
independent, partial (positive/negative) 
dependent.

• Prior works processes only the fully 
dependent and a mixture of two types. 
However, most classifiers are in the middle

Background and Motivation
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• The classifier constraints:  (C_i, P_i), where C_i means the execution time, and P_i means 
the success rate.

• The dependency of classifiers

• In the paper’s setting, the algorithm is applied to general models instead of specific classifiers. 
Additionally, the model execution time is bounded and the successful classification probability 
is lower-bounded.

• Furthermore, we assume the number of classifier should not exceed 12.

System Setting
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• The paper further finds the C_i and P_i in the IDK classifiers and their dependency.
• They introduce two cases to study:

• Single-modality case: ResNet classification of images, where the difference in experts is 
the model size

• Multi-modality case: Acoustic, Seismic, and Vision modalities with four classifiers. 
Namely deepsense_both_contras (Seismic + Acoustic), cnn_acoustic (Acoustic), 
deepsense_seismic (Seismic), and yolov5s-compressed (Vision).

• It further calculates the Prob-S and Prob-A based on the data and modalities:
• Prob-S: Given a specific classifier set S, whether it successfully classifies the thing

Prob-S therefore denotes the probability that exactly the specific pattern of IDK 
classifiers indicated by 1’s will be able to classify an input, and those indicated by 0’s 
will not and so will return IDK.

• Prob-A: Whether there exists any classifier in the set S that can successfully classify.
Prob-A denotes the probability that at least one of IDK classifiers indicated by 1’s will 
be able to classify an input, and is calculated from the Prob-S values.

Finding the parameters for the IDK cascades
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• For K classifiers, the total execution traces we need to search 
are:

• The DAG setting: when classifier K_i’ is in the classification 
set S, the expected latency addition is:

We can observe that is is only related to the elements in S 
with no relation to the ordering.

• Furthermore, we can have an example DAG as the plot 
shows

Using DAG searching to find the cascade algorithm,
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• The edge of DAG should assign the weight of the latency for 
adding the classifier K

• Because search space for direct search is too large for the 
DAG, we perform pruning to the graph for more efficient 
searching.

• Pruning strategies:
• Prune out every case that exceeds the sum of C_i for all 

classifier in a set exceeds the wall-time
• Prune out all set that have $\hat{P} (S) < L$, which is 

lower than the accuracy constraint
• If no route in DAG left, then the problem is considered 

unsolvable.
• The pruning strategy largely reduce the time constraint from 

O(n!) to O(4^n)
• The algorithm is to find the smallest weight route from the 

beginning X to the end of graph E.

Using DAG searching to find the cascade algorithm
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• The ResNet case study provides the following results

• For multi-modal case study, we find it reaches conclusion that independent or fully 
dependent behavior do not result in optimal or correct results for IDK classifiers with 
arbitrary dependencies.

• Thus, it indicates that when the dependencies are not pre-defined, the DAG searching 
algorithm method for MoE cascade is necessary.

Case study result
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When we tried to add a tighter latency constraint, the 
expected duration will decrease, this is because the 
latency constraint will rule-out available choices of 

schedules

Study on latency constraints and classification threshold
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Since there is no “always correct” classifier, we replace it 
with a threshold L and requires the cascade successful rate 

to be ≥ L. We find that when the threshold is higher, the 
duration is larger. However, for ResNet case, the 0.951 

would be a good balance point.



Validation
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The paper also applies 10,000 images in ImageNetV2 to verify the accuracy of the ResNet 
case study schedules’ predicated and real time and classification accuracy.



Conclusion for experiments
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• The Any dependency assumption for this paper is necessary. Because independent and fully 
dependent setting may result in submotial cascade and has large difference in estimate the 
duration

• The optimal cascade is mostly non-trivial and hard to obtained through simple heuristic
• Latency constraint would change the optimal cascade, we have to balance the worst-case 

and average-case performance
• The classification threshold we proposed would be a effective replacement of the 

deterministic classifier
• The same set of expert may results in different schedule under the different constraint, there 

is no globally optimal cascades. 
• The optimal cascades is decided by the latency budget and the choice of classification 

threshold.



Cascades with Time-series Input
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Static IDK Classifier

• Assumes no dependencies between different inputs
• Will start from the first model in the cascade every time



IDK Classifiers with Time-series input
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IDK Classifiers with Time-series input
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Kunal Agrawal, Sanjoy Baruah, Alan Burns, and Jinhao Zhao. "IDK cascades for time-series input streams." In 2024 IEEE Real-Time Systems Symposium (RTSS), pp. 83-95. IEEE, 2024.

High λ



IDK Classifiers with Time-series input
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IDK Classifiers with Time-series input
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IDK Classifiers with Time-series input
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IDK Classifiers with Time-series input
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IDK Classifiers with Time-series input
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IDK Classifiers with Time-series input
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Kunal Agrawal, Sanjoy Baruah, Alan Burns, and Jinhao Zhao. "IDK cascades for time-series input streams." In 2024 IEEE Real-Time Systems Symposium (RTSS), pp. 83-95. IEEE, 2024.

● For maintaining optimal average 
performance, k (step-back 
factor) should have an inverse 
relationship with dependence 
parameter lambda



Cascades with Class Hierarchies
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IDK Classifiers with Hierarchies
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Breaking down the classifiers

● To make things easier for the mixture of “experts”, or our classifiers 
in these cascades, we can use class hierarchies

● It’s likely easier to distinguish between higher level classes, such 
as “dog” versus “cat”, than it is to distinguish between specific 
breeds of dogs.

Tarek Abdelzaher, Sanjoy Baruah, Alan Burns, and Yigong Hu. "Timely Classification of Hierarchical Classes." In 2025 IEEE Real-Time Systems Symposium (RTSS), pp. 204-215. 
IEEE, 2025.



IDK Classifiers with Hierarchies
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IDK Classifiers with Hierarchies
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IDK Classifiers with Hierarchies
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Optimal cascade with class 
hierarchies

● While class hierarchies by themselves may yield an 
improvement over certain non-hierarchical 
cascades, there a a few other considerations for 
optimality

● Not as trivial as simply breaking down each “level” 
of classes into their own individual cascade

● Requires profiling for correlations, an optimal 
structure may include global classifiers alongside 
intermediate and specialized classifiers.

Tarek Abdelzaher, Sanjoy Baruah, Alan Burns, and Yigong Hu. "Timely Classification of Hierarchical Classes." In 2025 IEEE Real-Time Systems Symposium (RTSS), pp. 204-215. 
IEEE, 2025.



IDK Classifiers with Hierarchies
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● While class hierarchies by themselves may yield an 
improvement over certain non-hierarchical 
cascades, there a a few other considerations for 
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IDK Cascades
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IDK Cascades Takeaways

● IDK cascades can be thought of as a special case 
of MoE

● We can exploit certain dependencies between 
classifiers and successive inputs to improve the 
ordering and performance of cascades




