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Introduction
MTL: Learning a set of related tasks by ex-
ploiting the shared knowledge
Intuition: Tasks that are alike should be
treated alike
Explicit similarity: minimize a weighted sum
of loss, similar tasks are assigned higher
weights [1]
Implicit similarity: minimizing the distribu-
tion divergence between the tasks by con-
structing shared features [2]

Contributions
Understanding the fundamental implica-
tions of incorporating task similarity informa-
tion in MTL algorithms:

Why should we combine explicit and implicit
similarity knowledge in the MTL framework
How can we use it for the practice

Problem Setup
Find T hypothesis {ht}Tt=1 from observed
tasks {D̂t := (xi, yi)

m
i=1}Tt=1

Generalization error: 1
T

∑T
t=1Rt(ht) with

Rt(ht) = E(x,y)∼Dt
`(ht(x), y)

Relation coefficients: {αt}Tt=1, each αt is T
simplex
Empirical weighted loss for each task t:
R̂αt

(h) =
∑T
i=1 αt[i]R̂i(h) with R̂i(h) =

1
m

∑
(x,y)∼D̂i

`(h(x), y)

Metrics for measuring task similarity: H di-
vergence and Wasserstein-1 distance
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Theoretical Results
Theorem 1 (Informal) Supposing the trans-
port cost in the Wasserstein distance is c(x,y) =
‖x−y‖2, with high probability ≥ 1−δ, we have:

1

T

T∑
t=1

Rt(ht) ≤
1

T

T∑
t=1

R̂αt (ht)︸ ︷︷ ︸
Weighted empirical loss

+ C1

T∑
t=1

‖αt‖2︸ ︷︷ ︸
Coefficient regularization

+
2K

T

T∑
t=1

T∑
i=1

αt[i]W1(D̂t, D̂i)︸ ︷︷ ︸
Empirical distribution distance

+ C2 +
1

T

T∑
t=1

T∑
i=1

αt[i]λt,i︸ ︷︷ ︸
Complexity and optimal expected loss

C1 and C2 constants related with Lipschtiz con-
stant K, pseudo-dim d, m, T and δ.

Training Algorithm
Using the theoretical results in training adver-
sarial multitask neural network (AMTNN)

Feature extractor 

Task 1

Task T

Task  
Loss 

Adversarial 
Loss 

Gradient 
Reversal 

Neural networks parameters θf ; θh· ; θ
d
·

Relation coefficients α1, . . . ,αT

Alternative optimization over two kinds of
parameters at each training epoch:

Step 1: Neural net parameter updating

min
θf ,θh

1 ,...,θh
t

max
θd
t,i

T∑
t=1

R̂αt (θ
f
, θ

h
t ) + ρ

T∑
i,t=1

αt[i]Êt,i(θ
f
, θ

d
t,i)

Step 2: Relation coefficient updating

min
α1,...,αT

T∑
t=1

R̂αt (θ
f
, θ

h
t ) + κ1

T∑
t=1

‖αt‖2

+ κ2

T∑
i,t=1

αt[i]d̂t,i(θ
f
, θ

d
t,i),

s.t. ‖αt‖1 = 1, αt[i] ≥ 0 ∀t, i,

Robust Relation Coefficient
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(b) AMTNN_H

Figure 1: Estimated task relation coefficients
matrix {αt}3t=1 with training set of 8K in-
stances.

Robust to the similarity metric
Asymmetric relation coefficients (e.g., task
SVHN is not helpful for task MNIST)

Role of Weighted Sum
Similar task naturally extends the decision
boundary of the original task.

Figure 2: t-SNE in the feature space of task
MNIST in AMTNN_W 8K. Red: MNIST; Blue:
MNIST_M; Green: SVHN.

Empirical Results

3K 5K 8K
Approach MNIST MNIST_M SVHN Average MNIST MNIST_M SVHN Average MNIST MNIST_M SVHN Average

MTL_uni 93.23 76.85 57.20 75.76 97.41 77.72 67.86 81.00 97.73 83.05 71.19 83.99
MTL_weighted 89.09 73.69 68.63 77.13 91.43 74.07 73.81 79.77 92.01 76.69 73.77 80.82
MTL_disH 89.91 81.13 70.31 80.45 91.92 82.68 73.27 82.62 92.96 85.04 78.50 85.50
MTL_disW 96.77 80.38 68.40 81.85 95.47 83.48 72.66 83.87 98.09 84.13 74.37 85.53
AMTNN_H 97.47 77.87 71.26 82.20 97.94 76.28 76.06 83.43 98.28 82.75 76.63 85.89
AMTNN_W 97.20 80.70 76.93 84.95 97.67 82.50 76.36 85.51 98.01 82.53 79.97 86.84

Table 1: Average test accuracy (in %) of MTL algorithms on the digits datasets.

1000 1600
Approach Book DVDs Kitchen Elec Average Book DVDs Kitchen Elec Average

MTL_uni 81.31 78.44 87.07 84.57 82.85 81.35 80.14 86.54 87.50 83.88
MTL_weighted 81.88 79.02 86.91 85.31 83.28 80.72 81.20 87.60 88.12 84.41
MTL_disH 81.23 78.12 87.34 84.82 82.88 81.92 79.86 87.79 87.31 84.22
MTL_disW 81.13 78.38 87.11 84.82 82.86 81.88 79.81 87.07 87.69 84.11
AMTNN_H 82.36 79.24 87.42 85.53 83.64 80.82 81.54 88.27 88.17 84.70
AMTNN_W 81.68 79.38 87.27 85.66 83.50 81.20 80.38 87.69 88.46 84.44

Table 2: Average test accuracy (in %) of MTL algorithms in the sentiment dataset.
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