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Motivation: Edge Intelligence Needs FL

I don’t want to leak 

out my data.

We need data to 

train model.

GAP Federated Learning (FL) [1]
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use use
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Model Aggregate

[1] Zhang T , Gao L , He C ,et al. Federated Learning for Internet of Things: Applications, Challenges, and Opportunities[J]. 2021.DOI:10.48550/arXiv.2111.07494.



Big headache in FL: Heterogeneity

[2] Karimireddy S P, Kale S, Mohri M, et al. Scaffold: Stochastic controlled averaging for federated learning[C]//International conference on machine learning. PMLR, 2020: 

5132-5143.
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The extreme case: Long-tail Distribution

Long-tail Distribution in reality[3] Global

Local

Mismatch

[3] Yang L, Jiang H, Song Q, et al. A survey on long-tailed visual recognition[J]. International Journal of Computer Vision, 2022, 130(7): 1837-1872.

Long-tailed heterogeneous data

Rare Data even 

in Real life

Majority class 

dominance



Existing Approaches for Heterogeneity & Long-Tail

Heterogeneity

Long-Tail

Heterogeneity ApproachesCentralized Long-tailed Approaches

Federated Long-tailed (Local Corrector) Federated Long-tailed (Global Corrector)

FedGrab[4]，CLIP2FL[5]，Creff[6]

Data layer: Enhancement, Balanced sampling

Training layer: Balance loss, Focal loss,

Distribution-aware loss

FedAvg, Scaffold, FedPro

Do not tackle the class imbalanceLost too much information in the client side

Calibrate classifiers, two-stage learning

Local-global Distributions misaligned Only correct the imbalance

without speeding up

How to make FL  both fast and fair 

under Heterogeneity & Long-Tail? 

Why not 

introduce  

Momentum?

[4] Xiao Z, Chen Z, Liu S, et al. Fed-grab: Federated long-tailed learning with self-adjusting gradient balancer[J]. Advances in Neural Information Processing Systems, 2023, 36: 77745-77757.

[5] Shi J, Zheng S, Yin X, et al. Clip-guided federated learning on heterogeneity and long-tailed data[C]//Proceedings of the AAAI Conference on Artificial Intelligence. 2024, 38(13): 14955-14963.

[6] Shang X, Lu Y, Huang G, et al. Federated learning on heterogeneous and long-tailed data via classifier re-training with federated features[J]. arXiv preprint arXiv:2204.13399, 2022.



Momentum: A Powerful Accelerator

Momentum can stabilize and accelerate training[7][8]

[7] Xu J, Wang S, Wang L, et al. Fedcm: Federated learning with client-level momentum[J]. arXiv preprint arXiv:2106.10874, 2021.

[8] Cheng Z, Huang X, Wu P, et al. Momentum benefits non-iid federated learning simply and provably[J]. arXiv preprint arXiv:2306.16504, 2023.



It is a Double-Edged Sword.
Distributed momentum, FedCM (in red series)

1. Fast convergence and high accuracy when the long tail is low (IF=1)

2. Failure to converge when the long tail is high (IF=0.1, 0.01)

𝐼𝐹 =
𝐿𝑒𝑎𝑠𝑡

𝑀𝑜𝑠𝑡

But …

Why fail to 
converge?



Illustration: The Minority Collapse (Micro)

FedAvg (left) and FedCM (right) neural network layers' neuron concentration changes with rounds under long-tail distribution

Gradually changes, with an overall downward trend Increases and then decreases sharply at a certain point

Up and down repeatedly 

Major classes 

take advantage 

under Lon-tail.

The geometric

structure of neurons 

is destroyed[9]

Accuracy drops 

sharply

Momentum 

exacerbates 

it.

[9] Yang Y, Chen S, Li X, et al. Inducing neural collapse in imbalanced learning: Do we really need a learnable classifier at the end of deep neural network?[J]. Advances in 

neural information processing systems, 2022, 35: 37991-38002.

Leading to 

the majority 

class gradient 

accumulation

Similar to 

neural network 

poisoning
Similar to 

neural network 

disorder



Illustration: The Minority Collapse (Macro)

Minority Collapse[10] caused by 

majority class gradient accumulation.

[10] Fang C, He H, Long Q, et al. Exploring deep neural networks via layer-peeled model: Minority collapse in imbalanced training[J]. Proceedings of the National Academy 

of Sciences, 2021, 118(43): e2103091118.



Why Not Just Fix Locally?

Useful information

Global View

Local balance?



Obtaining the Global Distribution

Global

Client 1 Client 2 Client 3
2

1

3

Average score

Global dist.
Update

1. Upload encrypted local distribution

2. Server aggregation 

yields a global 

distribution.

Target 2. An overall 

imbalance score

Target 1. Data quality 

scores for each client.

3. Each client calculates its 

local score based on the 

distributed global 

distribution.

P.S. Client score: measures 

the difference from a 

uniform distribution.



Our Solution: Weighted Client Momentum (FedWCM)

mean
round mean
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Wheight the updates

Adjust the momentum

1. Calculate the weight w 

of each client in the 

momentum of this round.

2. The current momentum 

is obtained through 

aggregation.

3. Calculate the 

weighting 

percentage of 

momentum applied 

in the next round 

𝛼𝑡+1



Method: How FedWCM Works

FedWCM workflow:

1. Estimate the global distribution. 

2. Score each client — how much do 

they help the minority classes?

3. Aggregate their momentum with 

these scores. 

4. Adjust the weight of momentum 

application for the next round 3 

4

1 and 2



Results: Higher Accuracy and Covergence

Federated long-tail Method Centralized Long Tail Improvement



Efficiency: Faster Covergence and Fairness

Overall performance comparison Per-label accuracy



Robustness: Stable under Diverse Conditions



Privacy Concerns

One-time overhead from encryptionHomomorphic encryption[11]

1. Key Generation: The server picks one client 

to generate a key pair and share the public key 

with all clients.

2. Encrypted Upload: Each client encrypts its 

local class counts and sends them to the server.

3. Aggregation & Decryption: The server 

aggregates the encrypted counts and sends the 

result back to the key-owning client, who 

decrypts it and uploads the global statistics to 

the server.

[11] Zhang C, Li S, Xia J, et al. {BatchCrypt}: Efficient homomorphic encryption for {Cross-Silo} federated learning[C]//2020 USENIX annual technical conference 

(USENIX ATC 20). 2020: 493-506.



Conclusion and Outlook

1. Problem: Heterogeneity + long-tail → hard for federated learning

2. Accelator: Momentum is fast, but can fail under extreme imbalance

3. Our method: FedWCM:

➢keeps speed 

➢prevents collapse 

➢protects minority classes 

4. Result: Momentum: simple & efficient → huge potential

5. Future: explore new domains 



Thank you!
yhuang849@connect.hkust-gz.edu.cn
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