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What is a knowledge graph?
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Knowledge Graph Representation

Knowledge Graph Embedded Representation Machine Learning Task
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- Translation
Knowledge Graph Embedding? - Semantic Matching

- Matching with Neural Network



ranslation Models

Each edgein a KG is a triplet (h, r, t), where h isthe head, r is the relation,and t is the tail.
Example: (Tu, lives_in, Varese)
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Semantic Matching Models

Rescal[4] DistMult[5] HolE[6]

4] Maximilian Nickel et al.: A Three-Way Model for Collective Learning on Multi-Relational Data. ICML2011:809-816




Matching with Neural Networks
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7] Xavier Glorot et al.: A Semantic Matching Energy Function for Learning with Multi-relational Data. ICLR (Workshop Poster) 2013




Relational Graph Convolution Network [10]
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Federated Learning

AW =Aggr( AW1 + AW2 +...+ AWn-1+ AWn)

Hospitals

Federated Learning Workflow3




FedE [11]

Server
s ~,
1. Initialization:find all entities, B
initialize embeddings el B Tl
2. Training:train/updateclient’s Updating .
y / P o ’ Aggregator "Nl Upload
models and aggregate global one T ‘ ~ ----» Download

3. Model Fusion: combinelocaland
federated learning model
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Differential Privacy (DP)
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DP Compositions
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DP Compositions[12]
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The flexibility of DP:
5 . .
1. Combine different DP-
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p—— 2. Estimate the privacy budget
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Differential Privacy for Machine Learning
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Training Data SGD Model

DP-SGD[14] D)y e e e &

Add noiseto the gradient l\ e

Use the noisy gradient to update
the models

Sensitivity:
1. Clip the gradients with parameter b
2. The sensitivityis b

Noise Estimation:
1.1none epoch, the privacy budget is e.
2.Inall epochs, the privacy budgetise * n_epochs.

Noises depending on:
1/ n_epochs

2/b

3/e

[14] Martin Abadi et al.: Deep Learning with Differential Privacy. CCS 2016: 308-318 14




Impact of privacy budgets on models' quality [13]
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Decreasing e increases privacy protection but decreases the models' quality



PATE [15]

Not accessible by adversary I Accessible by adversary
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- Aggregation satisfies DP
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Generative Adversarial Network (GAN) [16]
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PATE-GAN([17]

Not available to the adversary I Available to the adversary
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Federated learning KG Embeddings (FKGE)[18]
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FKGE architecture
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raining Procedure

g1 Train —
g2 Train —
g3 Train — ~¥ PPAT(g1,g3) — KGEmb-Update & g PPAT(g1,g3) = KGEmb-Update —

PPAT{g2,g1) —> KGEmb-Update — PPAT(g2,g1)—> KGEmb-Update —» }. PPAT(ga,g1) ——> KGEmb-Update ———

%

PPAT(g1,g2) —> KGEmb-Update [ !
g1, P -

PPAT(g3,g2}) — KGEmb-Update PPAT(g1,g2)—> KGEmb-Update

. ’ ';
gN C}_ Train — * ------------ pPAT(gi,gN’ o KGEmb.Update — | seesssssesse PPAT(gj,gN) S KGEmb-Update v :) ............
7 PPAT(gi,gN) — KGEmb-Update One federation unit ’ ’? . Backtrack —  More accurate representation
7
/

Issues:
1. Trainingtime: each node contacts with only one node at a time.
2. Quality: only aggregate with models of one node at a time.



Conclusion

**Combining various federated learning and differential privacy approaches for
training KGs' embeddings.

s*Research Directions:
> Training time: can we have a more efficient training procedure?
o Quality: can we restrict peers from sharing high noisy models?




Thank you for your attention
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