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Artificial intelligence?

* More artificial, more intelligence... (/b N T., &l
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Figure credit: https://cn.nytimes.com/technology/20181126/china-artificial-intelligence-labelin
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Taskonomy: Disentangling Task
Transfer Learning

driver of ML
\ success.’

Bl Bavarose

NIPS 2016 | CVPR 2018
Tutorial Best paper

IJCAI 2018 = ACL 2019
Ads challenge winner: Opening talk

ACL 2020 Best paper honorable mention: don'’t stop pretraining...
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Transformer-based models routinely achieve state-of-the-art results on a number of
tasks but training these models can be prohibitively costly, especially on long se-

A 74 '? » S~ quences. We introduce one technique to improve the performance of Transformers.
l S I i é We replace NVIDIA P100s by TPUs, changing its memory from hoge GB to piyo
Y ]—,J\ ‘[/ // AY GB. The resulting model performs on par with Transformer-based models while
being much more ""TSUYO TSUYO™".
)
4= jD Ja& 4 Table 1 : Training time and top-1 1-crop validation accuracy with ImageNet/ResNet-50

Batch Size ( Processor \ DL Library Time Accuracy

He et al. [7] 256 Tesla P100 x8 Caffe 29 hours 75.3%
Goyal et al. [1] 8K Tesla P100 x256 Caffe2 1 hour 76.3%
Smith et al. [4] 8K—16K full TPU Pod TensorFlow 30 mins 76.1%
Akiba et al. [5] 32K Tesla P100 x1024 Chainer 15 mins 74.9%
Jia et al. [6] 64K Tesla P40 x2048 TensorFlow 6.6 mins 75.8%
This work 34K—68K \Tesla V100 x2176 ) NNL 224 secs 75.03%
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JFZESL 3 éﬁ‘%—/i\dz?ﬁ Dy = {%,yi}f\ﬁl *ﬂﬁﬁﬁfﬁjﬁ Dy = {mj:?;‘j}ﬁle ﬁq:'
xe X yel. TBFEAIMHAIRZE ST =MEE.

1. FEEZS[EIANRE], B & # A
2. PR MIANE, B Vs # Vs
3. FHEAIZEHZS IXIAAR] . BERS AR, B Py(z,y) # Pi(x,y),

FH PP ET, FR IR 22 2 — B bRl b R i ek f c 2wy
15 f 76 Hhr EA0A B/ iR (e ki)

fr= arg;ninE(zey)epte(f(x),y). (2.5.1)
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f* = argmin ey 5 SN2 0(vi f(2:), yi) + AR(T(Ds), T(Dy))

FiEKRZE ia] R i% E KB
FEAARE RS 14 T(Ds), T(Dt) = Ds, Dt vi
SRR SRR AP v; = 1,Vi T
BRI ZriE ik vi = 1,Vi, R(T(Ds),T(D:)) := R(Dx; fs) SRM

EE 1 ET H-divergence WBMRFIRER 4 H #n—1 VC 4R d
MRz ), 4 NEEL L iid ( Independent and identically distributed ) J7
FOREEA RN m UREARSE, MZEADLL 1 -6 iR, T EE—1hcHEH

o 1 2 4
ec(h) < &(h) + dy(Dy, D) + A + \/ ~(dlog—~+log5),  (455)
Hrh, e BHARIREL A = eo(h*)+e(h*) B G1RZE, h* = argmines(h)+

heH
ec(h) FEAETUSA H AR _E AR 254%
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Kernel-based distance

¢ Maximum mean discrepancy (MMD) 1!

e KL-divergence

Geometrical distance

» Geodesic flow kernel (GFK) 2!
 Correlation alignment (CORAL)!3]
e Riemannian manifold 4!
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» Tllgr@Cv  « HUJIIZR@NLP » T2k @Speech

80 Semi-supervised Sequence Learning
A context2Vec
BYOL (4x) n
msupervised *BYOL(2X) cir o Pre-trained seq2seq Contrastive loss
sim X) = welgg
75 -— — =
AB\;UAI;I ASimCLR (2x) ULMFIT —< ELMo | GPT f
AinfoMin | S »
W N s ot ¢ @/ m B m
£ I ¢ - Larger model representations
= ™ {—asme & - P I T I I I
& ) p
g PIRL (2x) MoCo v1 (4x) o ! . Transformer
. e ;
g MoCo vl (2x) o GPT2 Grover
- cMC " Multirtask—"
a CPC v2 & PIRL NDIM = [ X Masked
8 BLIBIGAN-B XLM _ + Gengsafion / \ £ N EELE
S 60 MoCo v1 “BIOBIGAN-Blg DIy yop i o /[ +xaounkdge Grpn SR o Quantized
MT-DN? e . Whole Word Maskin A
z A MASS / Permmion L: S NNy representations Q @
) ) AR TrsmerXL i
2 Knowledge distillsion UniL) Morefists S S
E5 = ' Sofedcin / OB Latent speech Z
InstDisc MT-DNNp i / 8 ViLBERT ) representations CNN
e 2018 Remoyé Nsp / ERNIE VisualBERT W s
- 2019 p Mo/ (Tyinghua) B2T2 e
e 8CPCyl a 2020 SpamBERT ALNet Unicoder-VL A
epCluster SP; = RoBERT: Neusal jentity linker g/,
oBERTa LXMERT raw waveform X’
0 50 100 150 200 250 300 350 s VL-BERT
Number of Model Parameters (Millions) i UNITER Ry o Wy Ty T TR
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* Learning to match (L2M)

—  HWEAN A FE S ? MMD, adversarial, coral...
— L2M: AN AR LR 8 B2 ) 40 A i i

Lyat = Ex~p o(Mp(x; ®(t + 1)) — Mg(x; ©(t))),

Z]_' r [ Update @: ®(t + 1) « d(t) — )
P cls D Feature extractor ! Ve (Los+AL poqy + KL asi) |¢.m | d(t+1)

1]_"5&*&!: D Classifier G
D Domain discriminator é Update 6: )
Liask D Task semantic adaptor 6(t+1) « 8(t) — BVgL,(0) |9(f) o(t+1)

L

I

Wang et al. Learning invariant representations across domains and tasks. https://arxiv.org/pdf/2103.05114.pdf
S Ezziema WM (EBEI PR BUERTY “ AEREN .
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e Substructural domain adaptation

— Had N I P T2
=t EE . EEMAME . Sx faster

Table 1: Comparison between different matching schemes

Type Assumption Formulation Limitations
Domain-level domain-invariant features p(xs) +— p(xs) too coarse matching
Class-level class-invariant features p(Xs|ys) +— p(xi|y) coarse matching

Substructure-level  substructure-invariant features — p(Xs, ys|cs) +— p(x¢|er) ~
Sample-level no strict restrictions (Xs,Ys) ¢ Xt affected by noise, low-efficiency
Source
+  Activity 1 B Cluster
Activity 2 —~ Weighting |

sy =S ‘& -
.'%-?Igri‘ﬁfui - = =

musmnt- S e Target Figure 3: The learning process of SSDA
=wwa=w http:/iwww.ph cn

®

dview
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B Lu et al. Cross-domain activity recognition via
Mapping | (3) substructural optimal transport.
https://arxiv.org/pdf/2102.03353.pdf
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JHIZ AL

e Qut-of-distribution generalization
— jkdomain adaptation: A7 Z V5 ) Hintds, = — Nz bR
nif: [ A 2

Domain randomization j

Data
augmentation

Adversarial data augmentation j

Kernel methods

Explicit feature alignmcntj

Data

manipulation

Data
generation

Domain-invariant
representation learning

Domain adversarial Ica.ming)

Representation
learning

Domain
generalization

Invariant risk mi nimizar.ion)

Multi-component anal}'sisj
Feature disentanglement
Generative modeling

Ensemble learning

Meta-learning

Learning
strategy

Test domain

. e memdmeaoa

Training domains !

Wang et al. Generalizing to Unseen Domains: A Survey on Domain Generalization. https://arxiv.org/pdf/2103.03097.pdf, 1JCAI-21.
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FRF AL 22 2]
* FedHealth: M4 RARIPHIERE 2] 225

Cloud Model Cloud User
e n ADAN
I ‘e m* ‘,' (a0aat |Data
| | | Ay o'
Model B
?;%g Model A E’;E@ Model N % Model
% +* %
Data % Data B u Data ﬁ Model
—F Transfar
+ + %+ —
N N 1 ]
& T T @ T T a
- - N N *_ - N - ok
aEma & T I
User A User B LRI R User N New User Model

Chen Y., Wang J., et al. FedHealth: a federated transfer learning framework for wearable health. IJCAI 2019 (Federated learning workshop)
Chen Y, Lu W, Wang J, et al. FedHealth 2: Weighted Federated Transfer Learning via Batch Normalization for Personalized Healthcare[J].
arXiv preprint arXiv:2106.01009, 2021.
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— CMatch: Character-level distribution matching

Task Source-only MMD ADV  CMatch

_F--hh-a-pppyy - h a p p vy -thheappppyyi M—P 23.87 2087 2111 2038
St B H } MR 25.21 221 2227 2177
— 2 . — P—=M 31.15 2722 2829 2617
? cre cre cre PR 23.99 2190 2174 2043
o R—=M 3245 2827 2995 2777
£8 R—P 23.48 2109 2123 2058
g Average 26.69 2359 24.10 22.85
b +16.50%
(a) CTC Forced Alignment (b) Dynsgi?r:?g g'r';d%vfa Average (c) Pseudo CTC Prediction Target Source-only MMD ADV  CMatch

Rain 38.21 33.61 34.65 32.90

Wind 29.70 26.06 26.73 23.12

Hou W, Wang J, Tan X, et al. Cross- Laughter 33.36 2985 3041  28.55

domain Speech Recognition with Average 33.76 2984 3060 28.19

Unsupervised Character-level
Distribution Matching[J]. arXiv preprint
.%-7—1 ¥ pEA2.  arXivi2104.07491, 2021.
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— MetaAdapter & SimAdapter
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Target

Romanian

Russian +—~ J L
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P —»  Welsh
Source +
Source
Italian
Source AF
Zprenorm ™=
SimAdapter
& 0
Ly
Target Language Hybrid DNN/HMM  Transformer  Head | Full-FT  Adapter SimAdapter MetaAdapter SimAdapter + FT—
Romanian (ro) 70.14 97.25 63.98 53.90 48.34 47.37 44.59 47.29
Czech (cs) 63.15 48.87 75.12 34.75 37.93 35.86 37.13 34.72 5
Breton (br) - 97.88 82.80 61.71 58.77 58.19 58.47 59.14
Arabic (ar) 69.31 75.32 81.70 47.63 47.31 47.23 46.82 46.39 S
Ukrainian (uk) 77.76 64.09 82.71 45.62 50.84 48.73 49.36 4741 :‘:m s o
Average - 7668 7726 | 4872 4864 47.48 7.7 46.99 K[ o) - s ) ()
Weighted Average - 72.28 77.54 | 46.72 4738 46.08 46.12 45.45 * —" *

PllnLBmu:- HOUSE OF nzcrnoum INDUSTRY
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Hou W, Zhu H, Wang Y, et al. Exploiting Adapters for Cross-lingual Low-resource Speech Recognition[J]. arXiv preprint
arXiv:2105.11905, 2021.
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