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}Average

https://doi.org/10.1007/3-540-45014-9_1
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Training this beast:

• Extract structure from large data set.


• Does not operate in real time.


• Uses large amount of computational resources.

At deployment (inference time):
• Latency constraints


• Computational resources constraints


• Generalises well
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Knowledge Transfer
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Knowledge Transfer

What is Knowledge? 
(in a NN)
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y = [0.8, 0.19, 0.01]

y′￼ = [1, 0, 0]

x

min
y

𝔼(y′￼− y)2
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x′￼

y = [0.990, 0.009, 0.001]
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The parameters of a NN are 
its knowledge.
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f : ℝn → ℝm

min
f

𝔼x∈X(ϕ( f(x)) − y)2

f(x) ≡ logits

ϕ( f(x)i) ≡
exp( f(x)i)

∑j exp( f(x)j)
≡ softmax
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f(x) ≡ logits
Knowledge

≪
≪
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-} f̄(x) g(x)

Trained
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-} ( f̄(x) g(x))2

Model Compression
https://doi.org/10.1145/1150402.1150464

Trained

min
g

𝔼( f̄(x) − g(x))2



13
http://arxiv.org/abs/1503.02531

σ(g(x)i/T) ≡
exp(g(x)i/T)

∑j exp(g(x)j /T)

T = 0.1 T = 0.5 T = 1 T = 10

Knowledge Distillation

σ( f(x)i/T) ≡
exp( f(x)i/T)

∑j exp( f(x)j /T)
Q( . ; . )
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http://arxiv.org/abs/1503.02531

Z Z

Teacher Student

Z = Transfer Dataset

Trained
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http://arxiv.org/abs/1503.02531

σ(yi/T) ≡
exp(yi/T)

∑j exp(yj /T)

Z Zσ( f(z)/T)f(z) g(z)σ(g(z)/T)

Q( . ; . ) ≡ Hq = − 𝔼x∼p(⋅)[log q(x)]

p(z)q(z)

≡≡
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http://arxiv.org/abs/1503.02531

Z Zσ( f(z)/T)f(z) g(z)σ(g(z)/T)

Q( . ; . ) ≡ KL(p | |q) = − 𝔼z∼p(⋅)[log
q(z)
p(z) ]

p(z)q(z)

≡≡
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Quick! Answer the following questions ASAP!
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Quick! Answer the following questions ASAP!

Done? Think about a COLOUR and a TOOL!
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Credit: Jesus Solano

KL(p | |q) = − 𝔼x∼p(⋅)[log
q(x)
p(x) ]
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http://arxiv.org/abs/1503.02531

X XyT yS

ℒ(y, yT, yS) = αℒcross−entropy(y, yS) + (1 − α)ℒdistillaion(yT, yS)

ℒdistillaion(yT, yS) = DKL(σ(yS /T) | |σ(yT /T)) × T2

https://arxiv.org/abs/1805.04770

Trained



My Knowledge 
Distillation Adventure
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quarks 
gluons 
Ws 
Zs 
tops 

{



} equally distributed between 5 classes:

quarks, gluons, Ws, Zs, tops 

Training: 572 000 jets | 20% validation

Testing: 282 000 jets 


Every jet defined by maximum 150 constituents. 
Every constituent has a maximum of 16 features.

20
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T = 14
α = 0.6

KDSolo
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T = 14
α = 0.6

KDSolo
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Does Knowledge Distillation Really Work?
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Moral of the Story
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• KD is a good paradigm for model compression


• Ensemble knowledge distillation: safe


• Distilling across architectures: caution


• Distilling a big model to a smaller version of itself:  
depends on dataset


• You can use KD for regularisation.
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https://keras.io/examples/vision/knowledge_distillation/

Does Knowledge Distillation Really Work? - Stanton et. al. 

Distilling Knowledge in a Neural Network - Hinton et. al. 

Model Compression - Bucila et. al. 

Knowledge Distillation: A Survey - Gou et. al. 

FitNets: Hints for Thin Deep Jets - Stanton et. al. 



backup



29

{ F

Robustly Normalised Data

(16, 16) 

dim(I) = 256

D
en

se
(8

0)

Re
LU

ϕS(I) = A (quark, gluon, W, Z, top)

D
ro

po
ut

(0
.1

1)

D
en

se
(8

0)

Re
LU

D
ro

po
ut

(0
.1

1)

D
en

se
(8

0)

Re
LU

D
ro

po
ut

(0
.1

1)

D
en

se
(5

)

arxiv:1908.05318v3
JEDInet DNN



31

{
Robustly Normalised Data


(16, 16) 

Pe
rm

Eq
ui

(3
2)

EL
U

ϕ(I) = A (quark, gluon, W, Z, top)

Pe
rm

Eq
ui

(3
2)

EL
U

Pe
rm

Eq
ui

(3
2)

EL
U

D
en

se
(5

)

Deep Sets

D
en

se
(1

6)

EL
US

ρ(As) = CAs

Permutation Equivariant Layer + Activation

f(x) = σ(xΛ − 11⊤xΓ)

f(x) = σ(xΛ − 1maxpool(x)Γ)

Non-linearity applied to weighted 
combination of 


➡ Input.


➡ Sum of output values.
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http://arxiv.org/abs/1503.02531

∂H
∂g(z)i

≈
1
T ( 1 + g(z)i/T

N + ∑j g(z)j /T
−

1 + f(z)i/T
N + ∑j f(z)j /T )
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∂g(z)

≈
1

NT2
(g(z) − f(z))

Hq = − 𝔼x∼p(⋅)[log q(x)]

T ≫ 1

model compression!
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T = 0.1 T = 0.5 T = 1 T = 10

➡ Low temperature leads to harder labels.


➡ High temperature leads to softer labels.


➡ For some (maybe all? - proven only for categorical cross-entropy) loss functions, 
very high temperatures lead to equivalency between knowledge distillation and 
logit matching (MSE between teacher and student logits).
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IntNet JEDIdnn



8

IntNet Universal Student
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IntNet Deep Sets



Teacher

14

arxiv:1908.05318v3
JEDInet DNN

150 constituents

StudentSolo
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T = 13
α = 0.8

Solo KD
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Solo KD



Teacher

15

Student

Deep Sets 
150 constituents 16 features
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Teacher
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arxiv:1908.05318v3
JEDInet DNN

50 constituents

Solo Student
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T = 11
α = 0.8

KDSolo
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Solo KD
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arxiv:1908.05318v3
JEDInet DNN

16 constituents 3 features (pT, eta, phi) - pT ordered
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arxiv:1908.05318v3
JEDInet DNN

150 constituents 16 features IntNet teacher

16 constituents 3 feature (pt, eta, phi) - pT ordered

T = 8
α = 0.9
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arxiv:1908.05318v3
JEDInet DNN

16 constituents 3 feature (pt, eta, phi) - shuffled
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arxiv:1908.05318v3
JEDInet DNN

150 constituents 16 features int net teacher

16 constituents 3 feature (pt, eta, phi) - shuffled

T = 46
α = 0.6




