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Learning Algorithm

» A multilinear relationship network for multi-task deep learning » Over order-K tensor X' € R%**% of dimensions (d, ..., d) » Update )V by the back-propagation algorithm:
» Two main contributions: » Mathematical Notation: X ~ TNy« xde (M, Z1,...,Xk) 00 (xLyt)  OJ(f(xh),y!)

= - [(X15) 'vec (W] (4)
» Multilinear relationships across different tasks, features, and classes » Vectorization form: vec (X) ~ N (vec(M), 1 ®...® Xk) OW L HW ! 1:3 -t

» Deep relationships across multiple task-specific layers of deep networks . Density function in vectorization form: » Update 2 by the flip-flop algorithm:

State-of-the-art results on standard object recognition datasets 1 1
" . : o L = 5V (B3 @ X)) (W) + elp;
» Open Problems p(x) = (277)_d/2 H ¥ |_d/(2dk) ?

» Efficient implementations for inverse and Kronecker product of tensors : > =——W (Zf 28 zg)_l (W) + €l (5)

- . . . k—1 (1) 27 piT (2)\ =3 1 (2) D>
» Rank deficiency in covariance matrices of tasks, features, and classes 1 11
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» Code available @ https://github.com/thuml/Xlearn X exp <_§(X — u)TZ;l (x — u)) 2; = Dfo(W )o)(Z2@Xy) (W) +elr.

W) is the mode-k matricization of tensor VW, where row / of
W) contains all elements of VW with the k-th index equal to /

where | - | is the determinant of the square matrix, and x =

vec (X)), =vec(M), 16k =1 Q... Xk, d =[], d

» Deep learning of multiple tasks under different distributions » Speed up computation by Kronecker property and SVD:
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» Promote positive transfer across different tasks to tackle data scarcity Multilinear Relationship Network (MRN) (Zg)ij _ W(Wé)@),i-(zg 2 Ef) (We)(g)’j. + el
» Circumvent negative transfer across two tasks when they are irrelevant 11 2 (6)
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Ol [O T [yt t St t = 14% .vec ( 217) W (X ) + €l;;
o » Data {X:, Y}l and Xy = {xt,..., x4}, Ve={y!, ..., ¥4} prpf WV Jaivec ((351) W(2) j
. - » T tasks, each of N, examples and xt € RP yt € {1,...,C} Experimental Results
§ . . ()’
. NN O 10 » Layer-{ parameter tensor W = [Wm; . ;Wm] c RPixDyx T
: =N 5 © » Mode-1 (row of tensor): features (Df in total) Table: Accuracy on Office-Caltech with standard evaluation protocol (AlexNet)
3 Ol 10 » Mode-2 (column of tensor): classes for the classifier layer (D5 in total) Method 5% 10% 20%
‘E" Mode-3 (layer of tensor): tasks (T in total) AW D & Al A W Dt A A W D L Aw
- Ol [0 g y | STL (AlexNet)|88.9 73.0 80.4 88.7 82.8 922 80.9 882 889 87.6 913 83.3 93.7 94.9 90.8
O] O » Goal: model all relatlonshlps across features, classes and tasks MTFL | 90.0 78.9 90.2 86.9 865 92.4 853 89.5 89.2 89.1 93.5 89.0 952 926 926

RMTL 91.3 82.3 88.8 89.1 879 92.6 85.2 93.3 87.2 89.6 943 87.0 96.7 93.4 924

MTRL  86.4 83.0 95.1 89.1 88.4 91.1 87.1 97.0 87.6 90.7 90.0 88.8 99.2 94.3 93.1
? " = = = = : DMTL-TF 912 883 925 856 89.4 922 919 97.4 868 92.0 926 97.6 945 88.4 933
How to Model Task Relatedness: 8 O O O O O O MRNg 917 96.4 969 865 92.9 927 97.1 97.3 86.6 93.4 932 969 99.4 82.8 94.4
o O O O O O O MRN, 91.1 963 97.4 86.1 92.7 925 97.7 96.6 86.7 93.4|/91.9 96.6 959 90.0 93.6
® Multi-Task Learning Ol ¢ bl ¢ bl ¢ Ll ¢ >l ¢ L] ¢ MRN (full) [92.5 97.5 97.9 875 93.8 93.6 98.6 98.6 87.3 94.5 94.4 98.3 99.9 89.1 95.5
Multi-Task Learning * Model the task relatedness (task relationship) O o o o o o ¢
+ Tasks have different data/features/distributions O O O O O O 8 A ~ Table: Accuracy on Office-Home with standard evaluation protocol (VGGnet)
ultEabel Learning ° MUItI_LabeI Learnlng einput ! O convl L O conv2 L O conv3 L O conv4 L O convS fc6 s > s ) Method 5% 10% 20%
* Model the label relatedness (label dependence) O | fe7 O |8  output A C P R Ag A C P R Ag A C P R Awg
@-Class Le@ * Labels share the same data/features/distributions T N, STL (VGGnet) 35.8 31.2 67.8 62.5 49.3|51.0 40.7 75.0 68.8 58.9 56.1 54.6 80.4 71.8 65.7
® Multi-Class Learning / - / MTFL 40.1 30.4 615 595 479|50.3 35.0 66.3 65.0 54.2 55.2 38.8 69.1 70.0 58.3
* Learn all classes independently (one-vs-all applies) p(W‘ ‘;"/7y) X Hp (W) ' HHP (yn ‘me ) (2) RMTL 42.3 32.8 62.3 60.6 495 49.7 346 659 64.6 53.7 55.2 39.2 69.6 70.5 58.6
lel t=1 n=1 MTRL | 42.7 333 62.9 61.3 50.1 51.6 36.3 67.7 66.3 55.5|55.8 39.9 70.2 71.2 59.3
Task 2 DMTL-TF |49.2 345 67.1 62.9 53.4 57.2 423 73.6 69.9 60.8|58.3 56.1 79.3 72.1 66.5
R €) _ ( ¢ /4 €) MRN; 52.7 347 70.1 67.6 56.3 59.1 427 75.1 72.8 62.4 584 556 80.4 72.4 66.7
Task 1 > Tensor normal prior: p (W TNDfX%XT 0,2;,2)2;), MRN, | 52.0 34.0 69.9 66.8 55.7 58.6 42.6 749 72.4 62.1 57.7 548 802 71.6 66.1
where Z:{ c RDfx Df’ zg c RDﬁng, and zg c RT*T are the MRN (full) 53.3 36.4 70.5 67.7 57.0/59.9 42.7 76.3 73.0 63.0 58.5 55.6 80.7 72.8 66.9
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04 » Final optimization of multilinear relationship network (MRN): ) mmsl demom - . Eo ot & & &
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Task 4 . 1 T 1 D!
Task 5 = vecOWH) (Z4) veeOV) — Y —In (| ¢ a)MTRL Relationship (b) MRN Relationship  (c)DMTL-TF Features  (d) MRN Features
(Outlier) teL k=1 K Figure: Hinton diagram of task relationships (a)(b) and t-SNE of features (c)(d).

School of Software - Tsinghua University - China National Engineering Lab for Big Data Software Mail: mingsheng@tsinghua.edu.cn WWW: http://ise.thss.tsinghua.edu.cn/~mlong


https://github.com/thuml/Xlearn

