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What is Transfer Learning?

Figure: Transfer learning of digit recognition
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Transfer Learning

Source similar Target → Successful!

But if not executed properly, the source data will impair the perfor-
mance on the target domains, known as Negative Transfer.

The prior knowledge of the source and target domains (e.g., how dif-
ferent the source and target data (distributions) are) known in advance
may be helpful for the prediction of target data.

Further, target data may arrive sequentially.

Key Problem: How does the source data help prediction in the
target data?
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Online Transfer Learning

We studied a specific scenario such that introducing a batch of auxiliary
(off-line) source data may help target sequential predictions.
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Figure: Online Transfer Learning

Problem: How does the source data affect the learning performance
(expected regret)?
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Problem Formulation

Parametric family: Pθ, where θ ∈ Λ

Target Data: Dn
t = (Z

(1)
t ,Z

(2)
t , · · · ,Z (n)

t ) arrive sequentially.

Target Data distribution: Pθ∗t (Dn
t ) :=

∏n
i=1 Pθ∗t (Z

(i)
t ).

Source Data: Dm
s = (Z

(1)
s ,Z

(2)
s , · · · ,Z (m)

s ) given in batch.

Source Data distribution: Pθ∗s (Dm
s ) :=

∏m
i=1 Pθ∗s (Z

(i)
s ).

Conditions: θ∗s , θ
∗
t ∈ Λ

Prior knowledge: d(θ∗s , θ
∗
t )

Expected Regret:

R(n) := Eθ∗s ,θ∗t

[
n∑

k=1

`
(
bk ,Z

(k)
t

)
−

n∑
k=1

`(b∗k ,Z
(k)
t )

]

where bk is learned from both source and historical target data till
time k − 1.
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Main Contributions

Information-theoretic characterization of R(n).

Asymptotic estimation of R(n) under mixture strategy.

The asymptotic result regret is captured by the prior knowledge over
θ∗s and θ∗t .

Identify negative and positive transfer scenarios.

Time-variant transfer learning and more extensions.

Examples are demonstrated to validate our findings.
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Loss function

Log-loss:
`(b,Z ) = − log(b(Z ))

Bounded loss:

|`(b,Z )− `(b̂,Z )| ≤ M

For any b, b̂ and Z .
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Mixture Strategy

Under log-loss,

`(bk ,Z
(k)
t ) = − log(Q(Z

(k)
t |Dm

s ,D
k−1
t ))

The expected regret can be written as,

R(n) = Eθ∗s ,θ∗t

[
log

1

Q(Dn
t |Dm

s )
− log

1

Pθ∗t (Dn
t )

]
We choose the predictor Q(Dn

t |Dm
s ) as

Q(Dn
t |Dm

s ) =

∫
Pθt ,θs (D

n
t ,D

m
s )ω(θt , θs)dθtdθs∫

Pθs (D
m
s )ω(θs)dθs

=

∫
Pθt (D

n
t )ω(θt |θs)dθtQ(θs |Dm

s )dθs

Since Pθ∗s and Pθ∗t are unknown, we define Θs and Θt as random vari-
ables over Λ and assign a probability distribution ω over Θs and Θt . This
particular choice is known as ”mixture strategy”.
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Information-Theoretic Characterization

Theorem (Regret with Log-loss)

Under log-loss,

Rlog(n) = Eθ∗s ,θ∗t

[
log

Pθ∗t (Dn
t )

Q(Dn
t |Dm

s )

]
= I (Dn

t ; Θt = θ∗t ,Θs = θ∗s |Dm
s )

Theorem (Regret with Bounded Loss)

Under bounded loss,

R(n) ≤ M
√

2nI (Dn
t ; Θt = θ∗t ,Θs = θ∗s |Dm

s ).
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Asymptotic Estimation

Theorem (Asymptotic Estimation for Scalar Parameterization)

Under certain regularity, assume θ∗s , θ
∗
t ∈ Λ ⊂ R and θ∗s 6= θ∗t . As n,m→∞,

the mixture strategy with proper prior ω(Θs ,Θt) yields,

Rlog(n) ≈ 1

2
log

n

2πe
+

1

2
log It(θ

∗
t ) + log

1

ω(θ∗t |θ∗s )
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Insights

Asymptotic Estimation:

Rlog(n) ≈ 1

2
log

n

2πe
+

1

2
log It(θ

∗
t ) + log

1

ω(θ∗t |θ∗s )

Prior knowledge ω(θ∗t |θ∗s ).

Compared to the typical results without the source,

Rlog(n) ≈ 1

2
log

n

2πe
+

1

2
log It(θ

∗
t ) + log

1

ω̂(θ∗t )
,

Effect of the Prior?
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Prior Knowledge

Definition (Proper Prior)

Given a prior ω(Θs ,Θt), we say,

the induced marginal density ω(Θs) is proper if it is continuous and
positive over the whole support Λ ⊆ Rd .

the conditional density ω(Θt |Θs) is proper if there exist some δs >
0 and δt > 0 such that ω(θt |θs) > 0 for any θs and θt satisfying
‖θs − θ∗s ‖ ≤ δs and ‖θt − θ∗t ‖ ≤ δt .
ω(Θs ,Θt) is proper if ω(Θs) and ω(Θt |Θs) are proper.
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Negative Transfer

Let

Rω(Θs ,Θt)(n,m) ≈ 1

2
log

n

2πe
+

1

2
log It(θ

∗
t ) + log

1

ω(θ∗t |θ∗s )

and

Rω̂(Θt)(n) ≈ 1

2
log

n

2πe
+

1

2
log It(θ

∗
t ) + log

1

ω̂(θ∗t )

If ω(Θt |Θs) is improper, then for any proper ω̂(Θt), the following in-
equality holds when both n and m are sufficiently large,

Rω(Θs ,Θt)(n,m) > Rω̂(Θt)(n).
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Positive Transfer

In contrast, for any proper ω̂(Θt), there always exists a proper prior
ω(Θs ,Θt) that leads to the following inequality when both n and m
are sufficiently large,

Rω(Θs ,Θt)(n,m) < Rω̂(Θt)(n).
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Logistic Regression Problem
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6 source +
source -
target +
target -

Bernoulli distribution with probability:

Pθ∗t (Y = 1) =
1

1 + e−θ
∗
t x
, Pθ∗s (Y = 1) =

1

1 + e−θ∗s x

Loss function:

`(θ, zi ) := −(yi log(σ(θT xi )) + (1− yi ) log(1− σ(θT xi )))
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Negative and Positive Transfer

(a) Positive Transfer (b) Negative Transfer

Figure: The comparisons of the expected regret R(n) of the positive transfer with
θ∗s = [0.2, 0.4] (left) and the negative transfer (right) with θ∗s = [0.8, 0.2] under
the common settings where θ∗t = [0.3, 0.5] and c = 0.1. The results are averaged
over 200 experiments.
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General Parameterization

Θs = (Θc,1,Θc,2, · · · ,Θc,j , Θs,1, · · · ,Θs,d−j) = (Θc ,Θsr )

Θt = (Θc,1,Θc,2, · · · ,Θc,j︸ ︷︷ ︸
common parameters

, Θt,1, · · · ,Θt,d−j)︸ ︷︷ ︸
task-specific parameters

= (Θc ,Θtr )

Theorem (Asymptotic Estimation for General Parameterization)

Under certain regularity and general parameterization, as n,m → ∞, the
mixture strategy with proper prior ω(Θs ,Θt) yields,

Rlog(n) ≈
1

2
log det(Ij×j +

n

m
∆t∆

−1
s ) +

1

2
log det(nIt(θ

∗
tr )) +

d − j

2
log

1

2πe
+ log

1

ω(θ∗t |θ∗s )
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Future Works

Instantaneous transfer learning

Non-parametric transfer learning

Efficient algorithms for posterior updating

Time-evolving transfer learning

etc...
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Conclusion

Thank You!
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