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Overview

Fine-tuning Pre-trained Models Model Selection
» Alarge-scale pre-trained model zoo are » Given atask and a bank of pre-trained models, MS
important for broad domain coverage. selects the top few models for the best fine-tuning

performance, avoiding the brute-forth fine-tuning.

Libraries  Datasets Languages Licenses Other

© Reset Tasks & microsoft/resnet-50 Issues

Multimodal

e s * Improper assumption: fixed backbones.

« Hard to integrate prior knowledge (e.g., model
capacity, dataset size).

we timm/nf_resnet50.ra2_inlk

Computer Vision

G google/vit-base-patchl6-224

5 Image Classification

w timm/eva0@2_base_patch14_224.mim_in22k

G google/vit-base-patchl6-384

Natural Language Processing

ws timm/resnet50.al_inlk



Datasets

Overview

Learning to Recommend Models

« We convert model selection as a model recommendation problem, which learns the model selection criteria

Models
My | My | My | My | M,
Do 0.9
D,
D, ? 0.8
D; 0.7
D, 0.6

Training History

Fine-tuning jobs

from the past training history.

dataset features

model features

|

additional features

do d, d, d; d, ds my | my m, | my | my | ms S; s, y

Xo 1 0 0 0 0 0.2 0 1 0 0 0 08 | 0.7 | 0.6 | 0.9

X3 0 0 1 0 0 0.3 0 0 0 1 0 05 | 06 | 04 | 0.8

Xz 0 0 0 0 1 0.4 0 0 0 0 1 07 | 05 | 0.7 | 0.6

X3 0 0 0 1 0 0.1 0 0 1 0 0 05 | 04 | 03 | 0.7
Embedding

| 2| lz]—1 |2|
Sm(z) = Wo + Zwizi + Z Z (112', uj)zizj
=1 i=1 j=i+1

Recommendation Model



Feature-Based MS: Basic Assumption

« Linearization Assumption
« Itis assumed that the model weights do not change much during fine-tuning, i.e., the final fine-tuned solution
can be a linearized approximation

fw(®) = fuy(®) + Vi fuy (@) (w —wp)

« The backbone can extract features on the target training set and the generalization ability is estimated
based on these features with algorithms like LFC, PARC and LogME.



Feature-Based MS: LFC

« Label-Gradient/Feature Correlation (LGC/LFC) [Deshpande et al, 2021]
y! Oy = (Vfu(x)V fux)!) - yy!

Similarity between the gradients 1if x; and x; have the same label else 0
of x; and x;

Neural Tangent Kernel

© can be approximated using features instead of gradients O p = f,,,(x) fw(x)T

Deshpande et al, A linearized framework and a new benchmark for model selection for fine-tuning, arXiv 2021



Feature-Based MS: PARC

 PARC [Bolya et al, 2021]

« Similar to LFC, it calculates the Spearman’s Rank Correlation between the two
distance matrices for all pair of images.

Dy =1 — corrcoef(fo(x)) D, =1 — corrcoef(g(y))
PARC(6, P,,) = spearmanr({Dyli,j] : i < j},{D,[i,5] : i < j})
» Add heuristic of model depth with ad-hoc scaling.

S —ul l
PARCt X! n

/
SPARC —

o Cnax

Bolya et al, Scalable Diverse Model Selection for Accessible Transfer Learning, NeurlPS 2021



MS Issues I: Linearization Assumption

* The linearization assumption could fail
* When the target data is much different from to the source data or the training dataset size is large.

« The MS score then becomes less accurate and the effect of model initialization diminishes.

. LFC
s LogME
mm PARC

0.84

0.6

Pearson's Correlation

0.24

0.04




MS Issues ll: Integrating Additional Knowledge

« Ad-hoc scaling for additional heuristic scores
- The heuristics (e.g. model depth/layers) may not apply for different architectures, such as ViTs.
- The scale of heuristics requires ad-hoc tuning.

Sparc — ! N s
o Cinax

!/
SPARC —

* Missing meta feature and feature correlations
- The effect of model’s inductive bias is correlated with dataset characteristics, e.g., “a random
initialized large model could generalize better than a small pre-trained model on a large dataset”.

- This correlation between model and dataset is not considered.



Learning To Recommend Models

Models
My | My | My | My | My
Do 09 | + the training history of same or similar datasets/models will help the
5 prediction, and the performance can be continuously improved with more
1

(%]
g _ data.
P D, ? 0.8
©
o D, 0.7 e

D, 0.6

Training History



Learning To Recommend Models

Datasets

Models
My | My | My | My | My
Do 0.9
D,
D, ? 0.8
D; 0.7
D, 0.6

Training History

Fine-tuning jobs

dataset features

A

model features

additional features

do d; d, ds dy ds Mo | My | my [ Mg | My | Mg 51 52 y
Xo 1 0 0 0 0 0.2 0 1 0 0 0 08 | 0.7 | 0.6 | 0.9
X4 0 0 1 0 0 0.3 0 0 0 1 0 0.5 06 | 04 | 0.8
X 0 0 0 0 1 0.4 0 0 0 0 1 0.7 | 0.5 0.7 | 0.6
X3 0 0 0 1 0 0.1 0 0 1 0 0 0.5 04 | 0.3 0.7
Xy 0 0 1 0 0 0.5 0 1 0 0 0 06 | 04 | 0.3 ?
Embedding




Dataset and Model Representation

Fine-tuning jobs

dataset features

A

model features

A

additional features

A

|

\

do d, d, ds d, ds myg my m, m;y my ms Sy Sy y
Xo 1 0 0 0 0 0.2 0 1 0 0 0 08 | 0.7 | 0.6 | 0.9
X1 0 0 1 0 0 0.3 0 0 0 1 0 05 ) 06 | 04 | 08
X, 0 0 0 0 1 0.4 0 0 0 0 1 0.7 | 05 | 0.7 | 0.6
X3 0 0 0 1 0 0.1 0 0 1 0 0 05| 04 | 03 | 0.7
Xy 0 0 1 0 0 0.5 0 1 0 0 0 06 | 04 | 03 ?




dataset features
A

Dataset and Model Representation

model features
A

additional features

A

|

\

ms

S1

S2 y

0.2

0.8

0.7

0.6 | 0.9

+ task difficulty: If a task can be

solved with a simple model, then
the task is relatively easy in
comparison with other dataset.

number of samples: a few-shot
task is generally harder and often
requires a strong model than a
larger dataset size.

number of classes: the

task difficulty usually increase as
the number of classes when the
total images are fixed.

architecture family: architectures
of the same family usually have
similar inductive biases as they
consist of similar modules.

input size: archs with higher
resolution usually helps for
downstream tasks.

model capacity: a model with
high capacity usually generalizes
better with more data.

model complexity: the calculation
cost (GMACs) can represent the
complexities.

pre-trained domain: he pre-
trained domain matters for the
downstream task performance.

MS score: it considers the feasibility
of the model’s initial features.

semantic distance: semantic
embedding of labels of the target task
and the source task

any features that are relevant for
performance prediction



Dataset and Model Representation

dataset features

A

model features

A

additional features
|

| \

do d; d, ds dy ds Mo | My | my [ Mg | My | Mg S1 S2 y
Xo 1 0 0 0 0.2 0 1 0 0 0 0.8 0.7 0.6 0.9
Fieldidx  Field Name  Feature Name Type One-hot Log  Dimension Min Max
1  dataset dataset id category  Yes No 41 40
1 dataset dataset size scalar No Yes 1 1008 1200000
1  dataset number of classes scalar No Yes 1 1000
2  model architecture id category  Yes No 405 404
2  model architecture family id  category  Yes No 10 1
2  model pre-trained dataset id category  Yes No 3 2
2 model input size scalar No Yes 1 106 448
2  model GMAC:s (G) scalar No Yes 1 0.03 46.95
2 model #Parameters (G) scalar No Yes 1 1.88 88.59
3 MS score LFC scalar No No 1 0.002 0.792
3 MS score LogME scalar No No 1 -0.905 2.209
3 MS score PARC scalar No No 1 0.085 80.358




Embedding the Training History

0 100200300400500

0 1.0
ImageNet x 400+ models 200
- 0.8
400
2
19 finetune datasets x 22 models § 600
=
©
= 800
6 DomainNet datasets x 22 models
1000
15 VTAB datasets x 22 models
1200 4

Features



Recommendation Models

2 Z 23 Z3 Z4 Zs Zs Z7 Zg Z9 Z10 Z11 Z12 213
Xo 1 0 0 0 0 0.2 0 1 0 0 0 0.8 | 0.7 | 0.6

: | R

d m SLFC SpARC
U

\
Uo u; uz us Uy Us Ug uy ug Ug U | Uz Upp | U
1 2 A4 .6 i .5 2 N 2 .0 0 6 i 5
2 3 2 A4 .5 A4 3 .0 .0 N 0 5 .6 4
3 .5 1 2 1 1 N N .0 .9 1 1 3 2
1 A4 .5 3 A4 2 A4 .5 N .0 2 2 2 1

Linear Regression (LR)

2]

Str(z) = wo + > wiz;

Factorization Machines (FM)

|z|—1
Srm(z) —wo+E w;z; + E E (u;,u;)z;2;
1=1 j=1+41



Experimental Settings

Models
2
5
(%]
©
]
(1Y)
()
« Learning from the history of single .
dataset with a subset of models.
+ Evaluating unseen models on the .

same dataset.

Models

Datasets

Learning from the history of single
dataset will all models.

Evaluating known models on
unseen datasets

Models

Datasets

Learning from the history of leave-one-

out datasets.
Evaluating known models on unseen

tasks.



Learning from ImageNet and Predict for New Models

Datasets

Mode

Is

0

Learning from the history of single

dataset with a subset of models.
+ Evaluating unseen models on the
same dataset.

80% of the 400+ models are used for training and the rest
20% models are used for evaluation.

ImageNet
Methods Features Pre-trained
Stre  [10] 0.65 £+ 0.07
feature-based | Spogme [60] 0.35 +0.09
Sparc  [5] 0.83 +0.04
d, m 0.53 £ 0.07
d, m, SLFC 0.73 £ 0.06
LR (ours) | 4. m, Spogv | 0.55 £ 0.08
d, m, SPARC 0.85 + 0.04
d,m 0.54 £ 0.06
d, m, SLFC 0.70 £ 0.12
ENT (oums) d, m, Spogve | 0.55 =+ 0.09
d, m, SPARC 0.84 + 0.05

Feature-based MS scores completely fail with random init, while
learning-based MS can still get reasonable scores



Learning from ImageNet and Predict for New Datasets

Models

The ImageNet column is the MS learned with all 409 ImageNet training jobs.

Methods Features 19 fine-grained 6 DomainNet 15 VTAB
2 Stec  [10] 0.55 0.63 0.14
b feature-based MS | Stogme [60] 0.54 0.52 0.20
S Sparc  [5] 0.54 0.50 0.13
8 ImageNet ImageNet ImageNet
d,m 0.53 0.80 0.29
d, m, Sirc 0.67 0.84 0.38
LR (ours) d, m, SLogME 0.54 0.81 0.30
d, m, SPARC 0.54 0.81 0.30
d,m 0.53 0.81 0.35
Learning from the history of single FM (ours) 3’ m, gLFC g'gg 8’23 g";’?
dataset will all models. 4 2 Slﬁ‘f 036 0.86 030

Evaluating known models on
unseen datasets



Learning from All History and Predict for New Datasets

Models

The column of LOO (leave-one-out) denotes MS learned with combined training
history of ImageNet jobs and all downstream jobs except jobs on the test dataset

Methods Features 19 fine-grained 6 DomainNet 15 VTAB

i Siee [10] 0.55 0.63 0.14

3 feature-based MS | Sprogme [60] 0.54 0.52 0.20

8 Sparc  [5] 0.54 0.50 0.13
8 ImageNet LOO | ImageNet LOO | ImageNet LOO
d,m 0.53 0.66 0.80 0.82 0.29 0.37
d, m, Sy rc 0.67 0.74 0.84 0.85 0.38 0.41
LR (ours) d, m, SLogME 0.54 0.65 0.81 0.84 0.30 0.36
d, m, Sparc 0.54 0.66 0.81 0.85 0.30 0.40
d, m 0.53 0.65 0.81 0.85 0.35 0.39
Learning from the history of leave-one- FM (ours) d, m, Sirc 0.64 0.74 0.82 0.87 0.39 0.41
out datasets. d, m, Sy ogME 0.60 0.67 0.82 0.86 0.31 0.40
d, m, Sparc 0.56 0.69 0.86 0.86 0.30 0.43

Evaluating known models on unseen
tasks.




Continuously Improved Model Recommendation

Datasets

Models

My | My | My | My | My
D, 0.9
D,
D, 0.2 0.8
D; 0.7
D, 0.6
Ds 0.8 | 05 | 05

add to history \

embedding

.

predicting

] -

learning
My | M, | M, | M | M,
0, 08 | 05 | 05 -

fine-tuning

My | My | My | My | My

D, |02 |09 |05 04|03
ranking &

selection

D, |02 |09 |05]|04]03




