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Introduction: transferability

Transfer Leaming:
Model developed for task S may be useful for solving task T, if S and T related

Given

£ 3rd order -: Doy
2nd order

Source task s

Target task t

Representatidn E¢I)  Transfer Function

Source Task Encoder Target Task Output
[Frozen (e.g., curvature) (e.g., surface normal)

D, ,; := arg mé'lll Erep[Li(Do(Es (1)), ft(1))]
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Problem: Expensive Task Pairwise Computations
(0(nA2))
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3000 Transfer Networks (include
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Problem Formulation

Input: set of tasks 7={(X1,Y1),(X2,Y2),....,(XN,YN)}

Goal: Find an “embedding” or “representation” vi= A X, Yi) for each task. Utilize the

distance between any two embeddings dist( vi,v)) approximates the transferability

dist(vi,v)=~ Tr({ Xi, Y —{ X}, Y1)
Problem 1: Transferability Recovery without Node Features

Given partial A’ recover A (learn g(A4') = A)

Problem 2: Transferability Recovery with Node Features \

Given A' and the node feature Z reconstruct A. g(A, 2) = A
A: True transferability matrix between tasks.

A': Partial or observed transferability matrix
between tasks.

T

/

Z: Task specific meta-information / task

embeddinac




Framework

* GQiven the task graph

Source

* Task Embedding

3rd order -
2nd order -,

Representation ()

Source Task Encoder
(e.g., curvature)

CFrozen

D, ,; := arg mein]EIeD[Lt(Dﬂ E (1)}, fi(1))]

\

Target Pre—train Target
Task —>| task — task
Information encoder embedding

-

* Directed graph structure
learning

o Inference Generative
Origin adjacency Layer Layer
‘matrix

\ Cross Generative
®xN emropy  adjacency matrix R
Z < . e
Identity >
- ——_,——a"

Latent

Tepresenta
tion

(O 0]

(NxN)

Matrix completion w/ and w/o task embedding
In transductive and inductive setting

Circular Layout Graph from data_attr matrix

Circular Layout Graph from data_attr matrix
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Stepl. How

to obtain affinity matrix ?

(I) Task-specific Modeling

Reshading

Normals

(II) Transfer Modeling

! Layout Normals Reshading
! 2D Segm. 3D Keypoints 2.5D Segm
A //
/
/
/D 1
'Y
@ @) iy
‘ 1% Order
Y/ —» 2" Order
4 3 Order
--» Frozen

(IIT) Task Affinity
Normalization

AHP task affinities

Program

Binary Integer .-

Zamir et al.

(IV) Compute Taxonomy

2D
D Edges

Autoencoding

(‘ P.Vamshmg Pts.
(fix) Cam. Pose
‘(nonfix)

2D Keypoints

Jigsaw .
Distance

Z-Dephh Reshading
ati

gomotion
Scene Class.'

‘)cclusion Edges
Ghing! /Object Class. (100)

bject Class (1000) /Semantic Segm.

25D Segm Randon) Proj.
('furvature

Taskonomy 2018



|. Task—Specific Modeling

Match 1 °
Cam. Page)(nonfix)

3D Kéypoint
2D Kéjpoint
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Occlusigh Edges Semandie)Segm.
2D Edges Vanishifig Pts.
Deriingc, g foon e Closs
|. Task—Specific Modeling Il Transfer Modeling lll: Normalization (AHP) IV: Taxonomy Extraction (BIP)

Image \\-/ Source Output Zamir et al. TaSkonomy 2018

Training data (normals)



M&Qingku@ing Diﬁm
Canm. Poge)(nonfix) ZDepth
3D l@ninf N@ah
2D Ig)uinl Lcaul
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Cam. Pase (fix) ObijeétClass.
Egoffistion 2D Segm.
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|. Task—Specific Modeling

Training data

Transter Modeling

°
.
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IV: Taxonomy Extraction (BIP)

Zamir et al. Taskonomy 2018



Il. Transfer Modeling
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Il. Transfer Modeling

Maf@hing"** "8 piggpce
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Dy = argmin Erep [Lt (De( s(I), fio(I ))]
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image —/ Target Output Zamir et al. Taskonomy 2018

Training data (Curvature)
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|. Task—Specific Modeling

Zamir et al. Taskonomy 2018

. Normalization

II. Transfer Modeling lll: Normalization (AHP)

Adjacency Matrix
(pre—normalization)

(1000)
 Class.

8
Source

IV: Taxonomy Extraction (BIP)
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Mc.ingku.inu Di’cn
Cam. Pose){nonfix) ZDepth
3D Kggpoint Nofifals
2D I‘oinl Lc.lll
Autoencoding 2.5DSegm.
Cam. Pase (fix) ObijeétClass.
Egoffiation 2D Segm.
Occlusion Edges Semanfie) Segm.
2D Edges Vanishifig Pts.
Dcl‘ingcu i@ ScengClass.

|. Task—Specific Modeling

Il Transfer Modeling

Adjacency Matrix
(pre—normalization)

Zamir et al. Taskonomy 2018

S 8
Source

Normalization

lI: Normalization (AHP)

Adjacency Matrix

(post—normalization)
[ [ [ [ ]

Source

- HHE EEEEE EET

Why we need
normalization?

— Different output spaces

(12_loss = 0.01) # (CE_loss = 0

Ordinal Normalization
(ET RISt
—Analytic Hierarchical
Process.
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Ordinal Normalization — Analytic Hierarchical Process (AHP)

 Quick example: W, is the pairwise tournament matrix ($8fr5=%5F%)

Construct Laplace W W Wi Principal , EIe’Dtest I:Ds,;—>t (I ) > Dsj—>t (I )]

Wt smoothing elgenvector w; ;= E D I D I
IEDtest S,;—)t( ) < Sj—)t( )
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Step2. how to get the task embedding from meta—info

* Glven the task

graph

Source

* Task—embedding

3rd order -
2nd order -,

Representation ()

Source Task Encoder
(e.g., curvature)

CFrozen

D, ., .= arg mein]EIeD[Lt(DG E (1)}, fi(1))]

\

Target Pre—train Target
Task —| task — task
Information encoder embedding

_—

* Directed graph learning

_— Inference Generative
Origin adjacency [y Layer
matrix
\ Cross Generative
=) entropy adjacency matrix e
o)
~
Z G ‘
Identity []
matrix
/ M xN)
Latent
Tepresenta
tion
(NxN)

Matrix completion w/ and w/o task embedding
In transductive and inductive setting

Circular Layout Graph from data_attr matrix

Circular Layout Graph from data_attr matrix

A':{ll
(]
%

S

77 >

X
TN RAN A
N
L

H\“\.

\




Step3. Graph structure learning

Preliminary: Graph Autoencoder (GAE) & Variational Graph Autoencoder (VGAE)

\

ENCODER
Inference

layer

-

EMBEDDING
Latent space

—

DECODER
Generative

Z=X

Layer

\

X = GON(4, X) = ReLU (AXWO)

with A = D"1/2AD~1/2

A =0(2Z"), with Z=GCN(X,A)

[Kipf & Welling, 2016]

VGAE
GON(A,X) = ARe LU(AXWy)W1  p= GON, (X, A) = AXW,
with fi = D_l/zAD_1/2 log 0'2 = GCNU(X, A) = AXW1

Z=u+o®e

A T
e ~ Norm(0, 1) o(z2")

Encoder  q(2z;|X, A) = N(z|pi, diag(o?)
Decoder  p(A;; = 1]z, 2) = U(Z;TZJ)

L = Eq(z|x,4)llogp(A|Z)] — KL[g(Z|X, A)||p(Z)]



Gravity—Inspired GAE

Inf Generati
Gm Gm Origin adjacency HL::::E ﬁtrva
2 1 matrix
a1-2 = y  A251 —
Tz T2 § \ \
N (NxN)
__-...:; E
Identity
matrix
X / / o
m] ~ representa
P(Aij | Zz',Zj) = o log Hz - z-Hz where m; = ij o o
) jllo

—~

a((Z|M)1A X) = ﬂ a((zi, )| A, X), = fu(X, A),log(0?) = fo(X,A) 2 ~ N(ui,0;1)
i=1

non H:[Ml,---,uN,ml,...,mN]02[01,...,0N]

i=1 j=1
p((Z. Mi) = i p(ziomi) = [1; N ((zi, mi)|0.1) [Gravity—Inspired Graph Autoencoders for Directed Link Prediction]




Experiment Setting: Transductive and Inductive

* Transductive Learning

* In transductive learning, the testing set Is known during training, but the labels of the testing set are
unknown. The aim is to assign labels to the testing set without learning a generalized model that can
be applied to unseen tasks - recover the missing point

Liecover = Z “yz - QzHZ

1€ masked nodes

* Inductive Learning

* In inductive learning, the model is trained without knowledge of the testing set. The goal here is to
learn a generalized model that can be applied to unseen, new tasks - recover the hole graph structure

Lreconstruct — Z ||zj - 23'”2

j€ all nodes
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NLP_Result
(Prompt Transferability)
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[On transferability of prompt tuning for natural language processing]



Summary

1. Verified the feasibility of using directed graph learning to recover task transferability.
2. Enhanced the restoration of graph structure using task-specific representations.

3. Compared the recovery and reconstruction capabilities of directed graph models with
undirected graph models.

4. Validated the efficacy and accuracy of our approach in both transductive and inductive
Wé&@g\&gﬁross real-world CV and NLP tasks.

1. Find task meta-information in real-world T,
medical and autonomous driving scenarios.

2. Try to incorporate the edge representation in : /
()

directed graph learning.

Possible extensions

Multi-source transferability: Address the multi-
source ensemble selection challenge by utilizing
hyper-graph learning combined with task
embedding.

Questions?



