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Motivation

* Why uncertainty works?
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* Why uncertainty works?
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Methods

* Semi-supervised Learning by Entropy Minimization (NIPS, 2005)

ZlogP(yﬂx“ ‘|‘OfT T P y|Xga logP(y|XJa )
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* The new active learning approach:
f(S) = Z IOgP(?JﬂXzAWtH) — Z H(?J|Xjawt+1)
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where H(y|Xj,Wt+1 Z P y|X3, t+1)10gP(y|X3, H_l)
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Methods

* The new active learning approach:
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* Active learning strategy:
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Methods

* One typical solution:

E[f(S)] =) P(yslxs, w")f(5)

* An optimistic strategy:

f(S) = max 10gP(yi|XiaWt+1)—Cf H(’y|X'aWt+1)
J

ys
i€ LtuUS jeU\S

Our opproach will be exactly equivalent to picking the most uncertain instance (when |S] = 1).



Experiments
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Figure 1: Results on UCI Datasets
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def deep_leakage_from_gradients(model, origin_grad):
dummy_data = torch.randn(origin_data.size())
dummy_label = torch.randn(dummy_label.size())
optimizer = torch.optim.LBFGS([dummy_data, dummy_label] )

for iters in range(300):
def closure():
optimizer.zero_grad()
dummy_pred = model(dummy_data)
dummy_loss = criterion(dummy_pred, dummy_label)
dummy_grad = grad(dummy_loss, \
model.parameters(), create_graph=True)

grad_diff = sum(((dummy_g - origin_g) ** 2).sum() \
for dummy_g, origin_g in zip(dummy_grad, origin_grad))
grad_diff.backward()

return grad_diff
optimizer.step(closure)
return dummy_data, dummy_label

culated by

and labels.
/ gradients.

1 gradients.




Experiments

Example 1

Example 2

Example 3
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Table 2: The progress of deep leakage on language tasks.
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