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Model Hubs

Nowadays, communities make available a large number of pretrained 
models. They have different sizes with different type of inductive biases.

● HuggingFace
● Pytorch Hub
● TensorFlow Hub
● Timm Library
● …
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Model Hubs vs One-Fits-All models

There is not a one-fits-all model that 
perform well across different setups. 
For instance: different metrics, dataset 
size, compute or time requirements.

If compute the rank among models with 
optimized HPs, we get different 
patterns across datasets. The figure 
shows the model ordered by size (largest 
model has index = 0).

Some small model are competitive.
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Every cell is considering the best 
model out of a random search



How to select quickly the model and hyperparameters?

To achieve efficiency, we propose to apply:

● Gray Box Optimization. Early iterations are correlated with the 
performance in later iterations.

● Cost Awareness. Time is critical and model hubs include 
architectures with different sizes, thus it is important to be aware of 
the time.

● Transfer HPO. Information from auxiliary tasks can be leveraged. 
Similar tasks might need similar hyperparameters.
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Quick-Tune

Our work comprises two parts:

● Metadataset:
○ Design search space and finetuning pipeline
○ Generate metadata
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● Algorithm:
○ Formalize algorithm
○ Empirical evaluation



Search Space: Overview
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● We call pipeline the combination of hyperparameter and models.
● We use the Timm library* for our experiments. We take some of the 

hyparameters (such as data augmentations, optimizers), and 
integrate additional finetuning strategies.

* https://github.com/huggingface/pytorch-image-models



Search Space: Models
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We selected the efficient models 
by accounting for its 
performance on ImageNet      
and its size         .

We included the models in the 
pareto front of the following 
objective:



Meta-Dataset Generation

● We generated learning curves by finetuning models on Meta-Album 
datasets*. It has three groups/versions with different sizes: micro, mini and 
extended. In total, we included 86 datasets.

● Since the search space is so large, we did not evaluate exhaustively but 
sample randomly configurations.

● We run every configuration on a single GPU, up to 50 epochs.
● We also runtime limits for every dataset version:

○ Micro: 1 hour
○ Mini: 4 hours
○ Extended: 16 hours

* Ullah, I., Carrión-Ojeda, D., Escalera, S., Guyon, I., Huisman, M., Mohr, F., ... & Vu, P. A. (2022). Meta-album: Multi-domain 
meta-dataset for few-shot image classification.
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Meta-Dataset Composition
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● 86 tasks
● 20.108 learning curves
● 743.644 observed epochs
● 23.991 total execution time



Quick-Tune Method

Our method relies on gray box 
optimization with two main 
components:

● (Meta-learned) Cost predictor
● (Meta-learned) Loss/performance 

predictor

They use dataset meta-features, the 
budget in epochs and an encoding of 
the pipeline as input.
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Quick-Tune Algorithm
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The implementation can be found in: https://github.com/releaunifreiburg/QuickTune.

Update predictors 
using NLL and MSE

Update history

Select pipeline



We use an acquisition function that uses cost information to explore partially 
the gray-box function for        epochs.

              : denotes the next query budget (epochs) for the pipeline.

      : denotes the incumbent relative to the query budget*.

* Wistuba, M., Kadra, A., & Grabocka, J. (2022). Supervising the multi-fidelity race of hyperparameter configurations.

Cost-Sensitive Acquisition Function
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EI with incumbent relative to the next query 
budget
Cost of finetuning the pipeline until the next 
query budget



● Since the search space is relatively large (38 hyperparameters, 24 
models), we use a Deep Kernel GP. 

● The embedding network use separate encoders for different stages*, 
followed by a MLP.

● This network can be also metatrained using the metadata.

          * Pineda Arango, S., & Grabocka, J. (2023, August). Deep Pipeline Embeddings for AutoML.

Pipeline Embeddings for Deep Kernel Surrogate
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Experiments and Results
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Experiment 1: Finetuning without HPO
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Finetuning without HPO is not enough. We tried three models with different 
sizes and default hyperparameters, but QuickTune outperformed in the 
three versions.



Experiment 2: CASH with other optimizers 
QuickTune is competitive with respect to other optimizers, especially in early 
iterations. We observe that the largest gap is in the large datasets (extended 
version).
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Experiment 3: Varying the size of the model hub
We vary the number of models, and find that having the whole model hub is the best approach in all 
the versions. The benefit of increasing the size of model hub is clearer in large datasets.
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Experiment 4: Separated model selection and HPO

By selecting jointly the pretrained model and its hyperparameters, QuickTune is more 
effective than selecting independently a model (by using a score function) and its 
hyperparameters.
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Experiment 5: Efficient finetuning of large models

A common alternative is to use large model by default, and then performing 
parameter efficient finetuning (PEFT). In a simple experiment, we show that 
QuickTune outperforms this strategy. However, we observe that LoRA is 
competitive in large datasets. Still, these strategies can be included in an 
augmented search space. 
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Conclusion and future work

● We present an efficient method for finetuning architectures in a model hub, by 
applying gray-box optimization, meta-learning and cost-awareness.

● We created a meta-dataset with more than 20.000 curves and used it to 
evaluate our method.

● We demonstrated the effectiveness of our method by comparing it against 
different optimizers and lightweight alternatives.

● As future work our method can be extended:
○ By exploring more complex acquisition functions.
○ By applying it to other modalities in model hubs e.g. NLP.
○ Efficient warm-starting.
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Thank you
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Appendix
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DyHPO*

Hyperband is a gray-box approach 
that statically pre-allocates the 
budget for a set of candidates 
(Hyperband bracket) according to a 
predefinedpolicy. However, DYHPO 
dynamically adapts the allocation of 
budgets for configurations after every 
HPO step (a.k.a. a dynamic race). 

As a result, DYHPO invests only a 
small budget on configurations that 
show little promise as indicated by 
the intermediate scores.
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* Wistuba, M., Kadra, A., & Grabocka, J. (2022). Supervising the multi-fidelity race of hyperparameter 
configurations.



QuickTune Configuration

● MLP: 32 neurons, 2 layers
● ConvNet: 8 filters, 2 layers
● Metatraining epochs: 1000
● Learning rate: 0.0001
● BO (test) epochs: 100
● Metafeatures:

○ Dataset size, number of classes, number of samples
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QuickTune Search Space
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Models in Quick-Tune
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Transfer HPO
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There are different ways to leverage previous information:

● Zero Shot HPO:
○ Train a model to select hyperparameters directly.

● Surrogate Transfer
○ Pretrain a surrogate or ensemble of surrogates.

● Acquisition Transfer
○ Pretrain or create an ensemble of functions.



Real-time Executions
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