
Machine Learning Model Management and Inference (MLMMI)
04 Model Selection Systems

DEEM Lab

Dr. Arnab Phani
BIFOLD, TU Berlin
DEEM Lab

06.05.2026



Seite 2 Max Mustermann | Fachgebiet | Anlass der Präsentation | 6. Mai 2026

2

ICDE 2026 Keynote 
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Announcements

 No Lecture on June 03
 I will be in India to attend SIGMOD

 Programming Assignment 1
 Share your experience
 MOSES registration done?

 Open-weight LLM API Access

 Invited Talk: Nils Strassenburg
 May 13
 Submit questions by May 11 https://chat-ai.academiccloud.de/

https://chat-ai.academiccloud.de/
https://chat-ai.academiccloud.de/
https://chat-ai.academiccloud.de/
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 Model Selection Techniques

 Feature Extraction and Transfer learning

 Exercise 2: Transfer Learning

Agenda



Seite 5 Max Mustermann | Fachgebiet | Anlass der Präsentation | 6. Mai 2026

5

Model Selection Techniques
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AutoML

 Motivation
 AutoML steer 3 key activities: feature engineering, model/architecture selection, hyperparameter tuning
 Maximize performance under budget
 Challenges: large search space, expensive evaluation, limited resources
 This is an optimization problem and system scheduling problem

* AutoML: A survey of the state-of-the-art. 2021.

Uni Freiburg AutoML Course

https://ml.informatik.uni-freiburg.de/teaching/summer-semester-2025/automated-machine-learning/
https://ml.informatik.uni-freiburg.de/teaching/summer-semester-2025/automated-machine-learning/
https://ml.informatik.uni-freiburg.de/teaching/summer-semester-2025/automated-machine-learning/
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Hyperparameter Tuning

 Hyperparameters
 Almost all ML models have hyperparameters knobs
 Most of them raise bias slightly but reduce variance more
 No hyperparameter settings universally best for all tasks/data

Learning rate,
Regularization

Max depth,
Min samples split,

Learning rate,
Batch size,
#Epochs,
Dropout rate

K,
Distance metric

#Clusters,
Max iterations

Linear Models Tree-Based Models DNNs

K-NN Clustering Models
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Grid Search Hyperparameter Tuning

 Basic Approach
 Given n hyper parameters λ1, …, λn with domains Λ1, …, Λn
 Enumerate and evaluate parameter space Λ ⊆ Λ1 × … × Λn

 Discretize the continuous hyperparameters
 Exhaustive search; parallelizable but computationally expensive
 Non-convex or unknown parameter space
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Random Search

 Overview
 Randomized search over parameters; each setting is sampled from a distribution of possible values
 A specified budget that is independent of #parameters and #values
 Adding parameters that do not influence the performance does not decrease efficiency
 Computationally less expensive

* Random Search for Hyper-Parameter Optimization. JMLR. 2012

Grid and random search of nine trials
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Bayesian Optimization and Auto-WEKA

 Overview
 Fit a probabilistic model based on the first n-1 evaluated hyper parameters
 Use model to select next candidate
 Gaussian process (GP) models, or tree-based Bayesian Optimization
 Auto-WEKA: Combined model selection and hyperparameter optimization using Bayesian optimization
 Choice of model itself is considered a hyperparameter

Combined Alg. Selection & Hyp. Par Opt.

* Auto-WEKA: Combined Selection and Hyperparameter Optimization of Classification Algorithms. KDD. 2013.
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Multi-armed Bandits and Hyperband

 Multi-armed Bandits
 Motivation: model types have different quality
 Select among k model types (k-armed bandit problem)
 Running score for each arm and repeat

 Hyperband
 Basic Idea: For iterative algorithms (SGD), stop non-promising hyp.par. configs earlier
 Successive Halving: An iterative selection process where all candidates are evaluated with a small amount of 

resources at the first iteration. Only some of these candidates are selected for the next iteration, which will 
be allocated more resources.

ni: # hyp.par.configs run, ri: # epochs per config

n_samples --> resource

* Hyperband: A Novel Bandit-Based Approach to Hyperparameter Optimization. JMLR. 2018. 
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Multi-tenant Model Selection

 Ease.ml 
 Goal: Select models to maximize avg. accuracy across all uses in a given cluster
 Challenges: Global optimization objective, cost-aware scheduling
 First translates user programs into system-data types (IR)
 Then it generates candidate models via template matching
 Cost-aware GP-UCB
 Round robin scheduling policy; each users independently select the next model

Model Templates

Ck = Execution Time of model k
`````` = Potential reward of model k

* Ease.ml: Towards Multitenant Resource Sharing for Machine Learning Workloads. PVLDB. 2018.
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Cerebro: Deep Learning Model Selection

 Cerebro
 Challenges: large datasets, low throughput (many models), low resource utilization (memory, transfer)
 Common techniques are task and data parallelism, but they have bottlenecks
 Model Hopper Parallelism: Combines data & task parallelism; each worker train a sub-epoch on local 

partition and a model hops from one worker to another after a sub-epoch; Repeat;
 Exploit SGD property: any random ordering of examples suffices for convergence
 MILP problem with randomized solution

* Cerebro: A Data System for Optimized Deep Learning Model Selection. PVLDB. 2020.
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Feature Extraction and Transfer Learning 
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Transfer Learning

 Motivation
 High-quality models with smaller dataset and reduced training time/cost
 Extract features from a pre-trained model; train only the last layers
 Extracted features can be joined with structured data
 Challenges: repetitive feature extraction, model search
 ML-based approach: transferability estimation using a proxy of linear classifier
 Systems approach: optimization, reuse, incremental execution

Transferability of a model trained for task TZ to task TY
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VISTA: System for Declarative Feature Transfer

 Overview
 Critical to try multiple layers for feature transfer because different layers yield different accuracies
 Materialize all layers (high memory usage) vs. repeat for each layer (high computational redundancy)
 Components of VISTA: declarative API, model pool with numbered layers, an optimizer
 Optimization objective: minimize runtime subject to memory constraints

VISTA System Architecture

* VISTA: Optimized System for Declarative Feature Transfer from Deep CNNs at Scale. SIGMOD. 2020.
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SHiFT: A Search Engine for Transfer Learning

 Overview
 Problem: Finding the optimal pre-trained model for fine-tuning is expensive
 Need an efficient model search strategy
 SHiFT-QL query language to declarative model search
 Successive-Halving: pulling an arm corresponds to running inference on more data
 Reuse of intermediates and incremental execution for appended data

* SHiFT: An Efficient, Flexible Search Engine for Transfer Learning. VLDB. 2022.
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Exercise 2: Transfer Learning
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Transfer Learning

 Motivation
 Does pre-trained model on one classification task helps in another task?

 Data Prep and Training from Scratch
 Prepare and train ResNet18 on CIFAR-10 subset

 Full Fine-tuning from ImageNet Weights
 Fine-tune ImageNet on the same dataset

 Tune Transfer Learning Policy
 Vary freeze depth (early features/most layers/linear probe)
 Compare accuracy and execution time

 Optimizations
 Propose at least 2 optimizations to reduce execution time
 Implement at least one and report speedups

Deadline:
18.05.2026
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 AutoML systems and optimizations

 Hyperparameter tuning techniques and trade-offs

 Model selection techniques

 Feature extraction and redundancy elimination

 Model selection for transfer learning

Summary

Please read the recommended papers
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