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NEURAL NETWORKS IN FUNCTION SPACE

- Different parameterizations can represent the same function
- Parameterization-invariant tools describe the function
- Regularize the function, not its parameterization
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INPUT JACOBIAN OF NEURAL NETWORKS

- In general, for input € R® and output € RX, the Jacobian € RP*K

- Jacobian is invariant to parameterization of the function
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INPUT JACOBIAN OF NEURAL NETWORKS

- In general, for input € R® and output € RX, the Jacobian € RP*K
- Jacobian is invariant to parameterization of the function

- For ReLU nets without bias, y = V,y'x
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KNOWLEDGE TRANSFER BETWEEN NEURAL NETS
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- If datasets A == B, task = distillation; else task = transfer learning
- If architectures of both nets are same, we can copy weights
- 'Hints’ must be parameterization invariant
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KNOWLEDGE TRANSFER BETWEEN NEURAL NETS
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- If datasets A == B, task = distillation; else task = transfer learning
- If architectures of both nets are same, we can copy weights
- 'Hints’ must be parameterization invariant

- Czarnecki et al. [2017] and Zagoruyko and Komodakis [2017]
previously used Jacobians, but did not motivate choice of loss

function
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OUR CONTRIBUTION
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Figure: Teacher-student learning in a simple 1D case.
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Figure: Teacher-student learning in a simple 1D case.

Matching outputs with input noise Matching outputs Matching Jacobians
1

e [(T(x+€) — SK+ O] = (T(X) - SK) + 02 [T () — V.S 2
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JACOBIAN NORM REGULARIZATION

Matching with input noise Matching outputs Jacobian norm
) 1

Eely(x)— SX+ ] = () —SX)’ + o [VSMIL
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JACOBIAN NORM REGULARIZATION

Matching with input noise Matching outputs Jacobian norm
) 1

Eely(x)— SX+ ] = () —SX)’ + o [VSMIL

- First described by Bishop [1995]
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JACOBIAN NORM REGULARIZATION

Matching with input noise Matching outputs Jacobian norm
) 1

Eely(x)— SX+ ] = () —SX)’ + o [VSMIL

- First described by Bishop [1995]

- For linear models
Jacobian norm regularizer = ¢, regularizer on weights

- For neural networks
Jacobian norm regularizer # layerwise ¢, weight regularizer
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APPLYING JACOBIAN MATCHING TO
TRANSFER LEARNING



LEARNING WITHOUT FORGETTING (LWF) -
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- Multi-task objective for the student

- Match ground truth labels
- Mimic teacher’s response (distillation)
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- Multi-task objective for the student

- Match ground truth labels
- Mimic teacher’s response (distillation)

- Important: Teacher is not trained on target dataset
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WHY SHOULD IT WORK?

- Teacher is not trained on data being matched

- Improved matching may not improve transfer learning
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WHY SHOULD IT WORK?

- Teacher is not trained on data being matched

- Improved matching may not improve transfer learning

- Theoretical results:

- LwF helps nets with small Lipschitz constants, and when
“distance” between source and target datasets are small
- Jacobian matching always improves LwF

- Equivalence between Jacobian matching and training with noise
is crucial to the proof
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TRANSFER LEARNING EXPERIMENTS

Table: Transfer Learning from Imagenet to MIT Scenes dataset measured by
test accuracy (%).

# of Data points per class — 25 50 Full
No Transfer Learning 3519 4638 59.33
Fine-tuning Oracle ! 57.65 6418 7142

LwF 4508 5522 65.22
LwF + Jacobians 4526  56.49  66.04
LwF + attention 46.01 5780 67.24

LwF + attention + Jacobians  47.31 58.35 67.31

TRequires teacher and student to have the same architecture
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SUMMARY

- Jacobians are a good parameterization-invariant quantity to use
for distillation, transfer learning and improving robustness to
random noise

- The data augmentation viewpoint of Jacobian matching
motivates its use in low data settings.
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QUESTIONS?

EMAIL: SURAJ.SRINIVAS@IDIAP.CH
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