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Motivation

Growing size of pretrained 
model!
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Motivation

Growing size of pretrained 
model!

How to select the best pretrained model?
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Related Work

[1] https://epoch.ai/blog/trends-in-training-dataset-sizes

Hard to evaluate on all 
datapoints!

Active Model Selection (AMS)

Model validation using a small, informative 
labeled data subset to assess performance 

Many unlabeled 
datapoints!
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Assumptions in Previous Works

Fixed number of 
available models

Restricted to specific 
model families

Restricted to specific 
model families
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Assumptions in Previous Works

Fixed number of 
available models

Restricted to specific 
model families

Restricted to specific 
model families

How can we efficiently select the most informative examples for labelling to  
choose the best classifier in a model-agnostic way?
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Contributions

MODEL SELECTOR

Fully model-agnostic
Relies solely on 
hard predictions
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MODEL SELECTOR
𝑛 Unlabeled 

examples

1. BERT

2. RoBERTa

.

.

.
m. DistilBERT

Model ranking on

𝑏 labels

(𝑥2, )

(𝑥𝑖 , )

(𝑥𝑛, )

(𝑥1, )

...

...

Evaluate(𝑥2, {ℎ1(𝑥2), … , ℎ𝑚(𝑥2)})

(𝑥𝑖 , {ℎ1(𝑥𝑖), … , ℎ𝑚(𝑥𝑖)})

(𝑥𝑛, {ℎ1(𝑥𝑛), … , ℎ𝑚(𝑥𝑛)})

(𝑥1, {ℎ1(𝑥1), … , ℎ𝑚(𝑥1)})

...

...

𝑛 × 𝑚 Model 

predictions

Classify

𝑚 Pretrained 

models

.

.

𝑏 Labeled 

examples
(𝑏 ≪ 𝑛)

..

.

(𝑥2, 𝑦2)

(𝑥𝑖 ,  𝑦𝑖 )

..

..

Best model for inference on 

the remaining 𝑛 − 𝑏 examples 
(𝑛 − 𝑏 ≫ 𝑏 )

1. BERT

Q
u
e
ry 

𝑏
×

L
a
b
e
l 

𝑏
×

Oracle

Framework
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MODEL SELECTOR

Accuracy is our utility 
measure

Binary outcome of correct 
versus incorrect 

predictions

Best model

Error probabiliy

Yuxin Chen, S Hamed Hassani, Amin Karbasi, and Andreas Krause. Sequential information maximization: When is greedy near-optimal? In Conference on Learning Theory, pp. 338–363. PMLR, 2015.
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MODEL SELECTOR

Objective: find the set of labeled data 
examples with max information

Mutual information
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MODEL SELECTOR

Strategy of MODEL SELECTOR is to 
greedily pick the unlabeled 

example that provides the maximal 
information gain

Unlabeled 
data

Labeled data
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MODEL SELECTOR

Differential 
entropies

Equivalent to minimizing the 
model posterior uncertainty

Quoc Phong Nguyen, Bryan Kian Hsiang Low, and Patrick Jaillet. An information-theoretic framework for unifying active learning problems. In Proceedings of the AAAI Conference on Artificial Intelligence, volume 35, pp. 9126–9134, 2021.
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MODEL SELECTOR

Hypothetical model 
posterior

Hypothetical label



@spcl_eth

@spcl

spcl.ethz.ch

14

MODEL SELECTOR

If we assume

Number of correct 
predictions of classifier
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MODEL SELECTOR

At iteration 𝑡 MODEL SELECTOR  selects the most 
informative 𝑥𝑡 and queries oracle for 𝑦𝑡

Updates

Up to budget 𝑏
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Selecting the Parameter ε

Assign noisy labels to datapoints

Efficient: reuse label 
predictions

A coarse-grained search with 
larger steps to identify promising 

intervals

A fine-grained search within 
these intervals

(𝑥2, {ℎ1(𝑥2), … , ℎ𝑚(𝑥2)})

(𝑥𝑖 , {ℎ1(𝑥𝑖), … , ℎ𝑚(𝑥𝑖)})

(𝑥𝑛, {ℎ1(𝑥𝑛), … , ℎ𝑚(𝑥𝑛)})

(𝑥1, {ℎ1(𝑥1), … , ℎ𝑚(𝑥1)})

...

...

𝜖 ∈ {0.25, 0.3, 0.35, 0.4, 0.45, 0.5}

𝜖 ∈ {0.4, 0.41, 0.42, 0.43, 0.44, 0.45}
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Datasets and Model Collections

Vision tasks

NLP tasks

ResNets, 
EfficientNet, 
MobileNet,…

BERT, DistilBERT, 
RoBERTa, GPT,…

Domain adaptation 
setting

From just 71 
examples to 

40,000

6 – 1,000 classes

2 – 3 classes
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Datasets and Model Collections

Vision tasks

NLP tasks

ResNets, 
EfficientNet, 
MobileNet,…

BERT, DistilBERT, 
RoBERTa, GPT,…

Domain adaptation 
setting

From just 71 
examples to 

40,000

6 – 1,000 classes

2 – 3 classes

In total 18 model collections on 16 different datasets comprising
over 1,500 pretrained models
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Datasets and Model Collections

Same dataset 
different model 

collections

Mostly high-
performing 

models
Uniform model 

accuracy

Noisy models
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Datasets and Model Collections

Same dataset 
different model 

collections

Mostly high-
performing 

models
Uniform model 

accuracy

Noisy models
Wide range of possible model accuracies without making any

assumptions about their distribution
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Baselines

Random
Uncertainty 

Sampling
Margin Sampling

Active Model 
Comparison (AMC)

Variance 
Minimization 

Approach (VMA)

[2] Ido Dagan and Sean P Engelson. Committee-based sampling for training probabilistic classifiers. In Machine Learning Proceedings 1995, pp. 150–157. Elsevier, 1995.
[3] H Sebastian Seung, Manfred Opper, and Haim Sompolinsky. Query by committee. In Proceedings of the fifth annual workshop on Computational learning theory, pp. 287–294, 1992.
[4] Christoph Sawade, Niels Landwehr, and Tobias Scheffer. Active comparison of prediction models. In F. Pereira, C.J. Burges, L. Bottou, and K.Q. Weinberger (eds.), Advances in Neural Information Processing Systems, volume 25. Curran Associates, Inc., 2012.
[5] Mitsuru Matsuura and Satoshi Hara. Active model selection: A variance minimization approach. In NeurIPS 2023 Workshop on Adaptive Experimental Design and Active Learning in the Real World, 2023. 

Originally 
comparing 2 

models
Requires soft 
predictions
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Evaluation Protocol

Uniformly sample 
𝑛 i.i.d. instances

𝑥1

𝑥𝑖

𝑥𝑘

Entire test set

𝑥𝑖

𝑥𝑘

Realization 1

𝑥𝑖

𝑥2

Realization 2

𝑥1

𝑥𝑘

Realization i

MODEL SELECTOR

Budget 𝑏
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Performance Metrics

• The reduction in number of 
labels (%) required to select the 
best or a near-best (δ) model 
over all realizations

Label Efficiency

• Represents the 95th percentile 
of the accuracy gap across all 
realizations

95thPercentile Accuracy Gap

• Fraction of realizations where a 
method successfully identifies 
the true best model of that 
realization

Identification Probability
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Best Model Identification Probability
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Best Model Identification Probability

Works even in challenging 
scenarios with distribution 

shift

Best competing 
baseline
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Best Model Identification Probability

Works even in challenging 
scenarios with distribution 

shift

Best competing 
baseline

Reduces labeling cost by up to 94.15%



@spcl_eth

@spcl

spcl.ethz.ch

27

Label Efficiency for Near-Best Models
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Label Efficiency for Near-Best Models

Consistently reduces labeling 
cost to reach the δ vicinity of 

the true best model
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Label Efficiency for Near-Best Models

Consistently reduces labeling 
cost to reach the δ vicinity of 

the true best model

MODEL SELECTOR is consistently more label-efficient for near-best models
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Robustness Analysis
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Robustness Analysis

Significantly smaller 
accuracy gaps compared 
to baseline methods (up 

to 9.8x times)
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Robustness Analysis

Significantly smaller 
accuracy gaps compared 
to baseline methods (up 

to 9.8x times)

MODEL SELECTOR is more robust compared to baseline methods
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Choosing ε with Noisy Labels
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Choosing ε with Oracle Labels

Robust to ε 
selection 

Efficient selection 
compared to runtime 

of baselines

Trend stays the 
same

Practical guidelines:  practitioners can use the heuristic range of [0.45, 0.49]. For 
scenarios with high model disagreement, choose values closer to 0.49 to 

encourage more exploration
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Can We Use Noisy Labels to Identify the Best Model?

acc. on true labels – 
acc. on noisy labels

Best model accuracy gap
> 0
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Can We Use Noisy Labels to Identify the Best Model?

acc. on true labels – 
acc. on noisy labels

Best model accuracy gap
> 0We cannot use noisy labels to identify the best model!



@spcl_eth

@spcl

spcl.ethz.ch

37

Conclusions More of SPCL’s research:

… or spcl.ethz.ch

210+ Talksyoutube.com/@spcl

twitter.com/spcl_eth 1.6K+ Followers

github.com/spcl 5.6K+ Stars

Paper: Code:

spcl.inf.ethz.ch
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