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Task = {dataset, labels, loss}

What are similar tasks?

What architecture should | use?
What pre-training dataset?
What hyper parameters?

Do | need more training data?
How difficult is this task?

If we have a universal vectorial representation of tasks we can frame all sorts of
interesting CV applications engineering problems as meta-learning problems 2



Model recommendation  gyte Force:

Input: Task = (dataset, loss)

For each feature extractor architecture F:
1. Train classifier on F(dataset)
2. Compute validation performance

Output: best performing model

recommender .
Task recommendation:

[ = Input: Task = (dataset, loss)

1. Compute task embedding t = E(Task)
2. Predict best extractor F = M(t)

2. Train classifier on F(dataset)

3. Compute validation performance

Output: best performing model

Feature Extractor Zoo



Task embedding using Fisher Information

1. Given a task, train a classifier

with the task loss on features 1 o T
: F=— | :10) V1 10

from a generic “probe network” N ; V log p(2:16) V log p(z:|0)
2. Compute gradients of probe

network parameters w.rt. task Intuition: F provides information about

loss the sensitivity of the task performance to
3. Use statistics of the probe small perturbations of parameters in the
parameter gradients as the probe network

fixed dimensional task
embedding Eo~p K Lpe (y|lz)pe(ylz) = 80 - F - 50 + 0(507),



Properties of TAsk2VECc embedding

Dataset:

(Ti,v:),t=1...n, y; €{0,1}

Classifier:

pi = (07 9(z)

FIM for cross entropy loss for the last layer:

% = AT Z — Pi ¢(xz
sz i) p(a;)"

Two layer network

input layer hidden layer output layer




Properties of TAsk2VECc embedding

Dataset:

(Ti,v:),t=1...n, y; €{0,1}

Classifier:

pi = (07 9(z)

FIM for cross entropy loss for the last layer:

% = AT Z — Pi ¢($z
sz i) p(a;)"

R N

Invariance to label space

Encodes task difficulty

Encodes task domain

Encodes useful features for the task

Representative domain embedding

1 T
- N ; P(x;)p(x



Properties of TASK2VEC embedding
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1. Binary tasks on unit square,
il i i.e., each tile is a task
SRR e 2. 10 Random RelU features, i.e.,

di = max(0, ai x+ by + ¢j)
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Robust Fisher Computation

1. For realistic CV tasks we want to Estimate A of a Gaussian perturbation:
use deep CNNs (e.g., ResNet) and

estimate FIM for all the parameters.

2. Challenge: FIM can be hard to

estimate (noisy loss landscape; high
dimensions; small training set)

3. Robust FIM Optimal A satisfies:
1. Restrict it to a diagonal

L('lb, A) — IEwNN(’lﬁ,A) [H])w .]3p(y|$)]
+ BKL(N(0,A) || N(0,22]))

2
2. Restrict it a single value per p A=F + ﬁl
filter (CNN layer) 2N 2N

3. Robust estimation via t

perturbation “Trivial Embedding”




Similarity measures on the space of tasks

Task = {dataset, labels, loss}
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Similarity measures on the space of tasks

Domain similarity 1@ z W IZE%_-.!Ml
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Similarity measures on the space of tasks

Domain similarity

Range / label similarity

e e.g., Taxonomic distance

Dtax(t(l’tb) — z'ES!nijréSb d('l,])

https://www.pinterest.com/pin/520799144386337065/
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Similarity measures on the space of tasks

Domain similarity

Range / label similarity

e e.g., Taxonomic distance 7
D- ; A e min d 'l ] . Matchi -
ax(ta, o) = min  d(i, ) \

Transfer “distance” & @

e Fine-tune on a followed by b

Taskonomy: Disentangling Task Transfer Learning,
E[ga_,b] — IE[@(,] Amir Zamir, Alexander Sax, William Shen, Leonidas

th(ta — tb) —

Guibas, Jitendra Malik, Silvio Savarese, CVPR 18
E[€y)
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Distance measures on TASK2VEC embedding

Symmetric distance

dsym(Faa Fb) — dcos(

Fa Fb )
F, +Fb’ F, + F

Asymmetric “distance”

dasym(ta — tb) — dsym (taa tb) — adsym(taa tO)

14



MoDEL2VEC: Joint embedding of tasks and models

1. So far we have been associating models (feature extractors) with the tasks
they are trained on.

2. How about
1. legacy / black-box feature extractors? E.g., SIFT, HOG, Fisher vector

2. models of different complexity trained on the same dataset

3. MODEL2VEC: Jointly embed feature extractors (encoded as one-hot-
vectors) and tasks such that similarity reflects a meta-task objective.

1. Needs training data



Task Zoo

e Tasks [1460]
e iNaturalist [207]
e CUB 200 [25]
e iMaterialist [228]
e DeepFashion [1000]
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Task Zoo

e Tasks [1460]
e iNaturalist [207]
e CUB 200 [25]
e iMaterialist [228]
e DeepFashion [1000]

eI YL LIy

Super-Class Class
Plantae 2,101
Insecta 1,021
Aves 964
Reptilia 289
Mammalia 186
Fungi 121
Amphibia 115
Mollusca 93
Animalia 71
Arachnida 56
Actinopterygii 53
Chromista 9
Protozoa 4

2000
Sorted Species

3000

4000 5000
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Task Zoo

e Tasks [1460]
e iNaturalist [207]
e CUB 200 [25]
e iMaterialist [228]
e DeepFashion [1000]
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Task Zoo

e Tasks [1460]
e iNaturalist [207]
e CUB 200 [25]
e iMaterialist [228]
e DeepFashion [1000]

e Few tasks > 10K training
samples but most have
100-1000 samples
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Experiment: TASK2VEC recapitulates iNaturalist taxonomy

Task embedding cosine similarity

ResNet trained on
ImageNet as probe
network

plants —

reptiles -

birds

mammals
& | Plantae
+ | Insecta .
% | Aves insects —
4 | Reptilia 2
£ | Mammalia
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Experiment: TASK2VEC norm encodes task difficulty

Plantae
Insecta
Aves
Reptilia
Mammalia

60%

U1
o
X

40%

20%

Test error on task (%)

10%

0%

ResNet trained on
ImageNet as probe
network

0.4 0.6 0.8
L, norm of task embedding 1e38 ,



Experiment: TAsk2vec vS DOMAIN2VEC

® Actinopterygii (n) Insecta (n) Reptilia (n) Neckline (m)
Amphibia (n) ® Mammalia (n) Category (m) ® Pants(m)
Arachnida (n) Mollusca (n) ® Color(m) Pattern (m)
® Aves (n) ® Plantae (n) Gender (m) Shoes (m)
® Fungi(n) Protozoa (n) Material (m)
0020 o Wedding dresses
o"-'s':‘:g;:>< Laurales Purple Prom dresses
o ©%F Liliales Brown Formal dresses
@ ®e Pinales Black
| Rosales Green
Carnivora Blue
5!0%/ Rodentia
Yoga pants
Sweatpants
Falconiformes Black
Passeriformes G|r3elﬁg
Corvidae .
Brown Winter boots
Purple Shoelaces
Formal dresses eo®? o ® Rode_ntia
Wedding dresses o %o \ Carnivora
Prom dresses ° . i -
P ® Stei
() ® S
Shoelaces o o Corvidae
Winter boots e & Passeriformes
- Falconiformes
° Liliales
Sweatpants Denim Pinales
Yoga pants Ripped Rosales
Jeans Laurales

Task Embeddings Domain Embeddings 2



Task and Feature Zoo

e Tasks [1460]
e iNaturalist [207]
e CUB 200 [25]
e iMaterialist [228]
e DeepFashion [1000]

e Feature Zoo [156 experts]
e ResNet-34 pertained on ImageNet

e Followed by fine-tuned on tasks
with enough examples

®

recommender

Feature Extractor Zoo

23



Tasks

The Matrix

Feature extractors .



The Matrix

Tasks

Experts

iNaturalist + CUB

[CUB] Laniidae (aves) b 4

[CUB] Thraupidae (aves) [IA

[CUB] Bombycillidae (aves)

[CUB] Passeridae (aves)

[CUB] Procellariiformes (aves)
[CUB] Caprimulgiformes (aves)
[CUB] Piciformes (aves)

[CUB] Anseriformes (aves)

[CUB] Pelecaniformes (aves)
[CUB] Icteridae (aves)

[CUB] Corvidae (aves)

[CUB] Podicipediformes (aves)
[CUB] Troglodytidae (aves)

[CUB] Apodiformes (aves)

[CUB] Hirundinidae (aves)

[CUB] Cuculiformes (aves)

[CUB] Mimidae (aves)

[CUB] Coraciiformes (aves)

[CUB] Cardinalidae (aves)

[CUB] Fringillidae (aves)

[CUB] Charadriiformes (aves)
[iNat] Pelecaniformes (aves)
[iNat] Charadriiformes (aves)
[iNat] Anseriformes (aves)

[iNat] Passeriformes (aves)

[iNat] Accipitriformes (aves)
[iNat] Piciformes (aves)

[iNat] Columbiformes (aves)
[CUB] Vireonidae (aves)

[CUB] Tyrannidae (aves)

[CUB] Parulidae (aves)

[CUB] Emberizidae (aves)

[iNat] Sapindales (magnoliopsida)
[iNat] Caryophyllales (magnoliopsida)
[iNat] Rosales (magnoliopsida)
[iNat] Asterales (magnoliopsida)
[iNat] Lamiales (magnoliopsida)
[iNat] Fabales (magnoliopsida)
[iNat] Asparagales (liliopsida)
[iNat] Ranunculales (magnoliopsida)
[iNat] Gentianales (magnoliopsida)
[iNat] Ericales (magnoliopsida)
[iNat] Perciformes (actinopterygii)
[iNat] Rodentia (mammalia)
[iNat] Carnivora (mammalia)
[iNat] Squamata (reptilia)

[iNat] Anura (amphibia)

[iNat] Lepidoptera (insecta)

[iNat] Odonata (insecta)

[iNat] Coleoptera (insecta) k.
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ImageNet expert is usually good but on many tasks the
best expert handily outperforms the ImageNet expert

iNat+CUB error distribution and expert selection

X Selected expert
A ImageNet expert

80%
60%
S
0
+J .
O 40% o
|_
1
20% @ ’
0%
Q2 Y Y 2 D LY D O DD D O P DL Y2 DY O PG P EPELERRLR P EEEE LR &G LR
FEEE L EFE € E P E € ¥ 0% @ O & € 0937 0% 0% 0% & 2% ¥ F B 0% ¢
\\O\ @\\,Q\/,OQ éo@ Q\\{Q {{&o&\q\\ & é\o &© 6{@ 06\0 &© é{\o 6{\0 (.\{\o (.5\0 (Jo‘ \C& S 0&00{\{\0 7’&0 K (,\&oqpbb{\o Q\(\ &oy&{\o&\@ &{\o \Q’OQQ ,b@ ‘&V{\{\o (;{,\’O\Q}\ @@\Q@ vf:’@ Oéo\Q‘o {&O &\A é\o 0\?@\?(0\ ~
0 N 0o\ (2O O N S AN NP > D% Q¥ X NS NN IR O S N O 2 R LAY Q
LR Q> & (2 & X L L LFL > DK N & PO SO NSRS & F R BT OB L ¢ DY &
P S C RO LRE (€ NGRS SRR RONSENFNIC I F N SEFD é"§\ C . S Y N P P N S
\0\(4\Q?\QO%QQOQ’Q?Q)\OQQ\\\\)(JC{\\\)Q?Q\\Q.$\$V“Q\§‘\\ C(\'b 2 \\\ \\’0’&\'&
T PP L PP ESES © POV TOCL DV SHLEN EONEN N RN N
S RS AR SN R R S 9
<

26



Data efficiency of TASK2VEC

ImageNet fixed
S NN A

/Task2vec fixed

O% == AR A/, I S BrUte force flxed

(-
3
o~
®
/
\

ImageNet finetune

Error relative to brute force
(lower iIs better)

10° 103 104 \Task2vec finetune
Number of samples 27



Choice of distance for TASK2VEC

Meta-task | Optimal Chance ImageNet TASK2VEC Asymmetric TASK2VEC MODEL2VEC

iNat+ CUB | 31.24 +59.52%  +30.18%  +42.54% +9.97% +6.81%
Mixed 2290 | +112.49% +75.73%  +40.30% +29.23% +27.81%

Relative error increase over the oracle (best choice)
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Choice of the probe network on TASK2VEC

Probe network | Top-10 All
Chance +13.95% +59.52%
VGG-13 +4.82%  +38.03%
DenseNet-121 +0.30%  +10.63%
ResNet-13 +0.00% +9.97 %

Relative error increase over the oracle (best choice)

29



Thank youl!
adWS

Task2Vec: Task Embedding for Meta-Learning, Alessandro Achille, Michael Lam, Rahul Tewari,
Avinash Ravichandran, Subhransu Maji, Charless Fowlkes, Stefano Soatto, Pietro Perona (https://
arxiv.org/abs/1902.03545)
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