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Problem Statement

Creating an intelligent model selector 
based on the user query and requested 
targets.

The models that are used are trained on 
iV2I+ dataset . They are to predict the 
distance of AGV from the base station

https://ieee-dataport.org/open-access/ai4mobile-industrial-datasets-iv2v-and-iv2i


Proposed Architecture

● Multi-Registry Storage: Models are pre-trained on different drift variants (e.g., X^k) and 
stored in specialized registries.

● Drift Detection: Incoming inference data is analyzed using MMD to route the request to 
the correct registry.

● Meta-Model Selection: A classifier predicts the optimal model index (i*) based on user 
constraints (Acc_min, T_max) without running full inference.



Drift Simulation & Registry Generation

Drift Vector (δ): We generate a fixed random direction vector sampled from a standard normal 
distribution to define the direction of the drift :   

Transformation Logic: For every sample x_i in the dataset, we apply an additive shift scaled by a 
magnitude scalar m : (Where m represents the severity of the shift).     

Training Registries (Known Drifts): Models were trained and stored for drift magnitudes:
m ∊ {-7, -2, 2, 7} .



Created multiple variations of dataset. 
Each variation has a unique drift 
magnitude from the original                            

Aim is to select the registry which has 
been trained on variant of dataset 
which is closest to user data(inference 
data)

Now the meta data will also have  
information about the drift magnitude 
of model registries

Adding multiple registries



Systematic Feature Drift: We simulate Covariate 
Shift by applying transformations to the feature 
space, creating distinct statistical environments

We use MMD to measure the distance between 
the Inference Data and our Model Registries. This 
allows us to select the registry (k*) that is 
statistically closest to the user's input

Drift Detection & Quantification

Our drift simulation challenges static 
models, necessitating the adaptive registry 
selection mechanism.



Meta-Model Guided Selection Strategy

As the iv2I+ dataset has about 92 features and 
almost 53K rows, training models in the 
registry and the meta model on all the features 
may lead to performance issues. 

Used Pearson correlation coefficient to 
understand the relationship between features 
and the target variable(“distance_to_bs”)

Considered the top 10 features to train the 
meta model on.  Then, a score is given to every 
model in the registry based on the accuracy 
and inference on the given query.

M is model metrics and O is operation 
metrics



Hardware Constraints

We evaluated inference performance on a high-end Laptop (Intel Core i7-12650H processor and 
16GB RAM and an NVIDIA RTX 3050 Ti.) versus a resource constrained a Raspberry Pi 4 Model B 
Rev 1.5 with 4GB RAM and a 1.5GHz quad-core ARM Cortex A72 processor.

On average, the Raspberry Pi is ~6.87x slower than the laptop across all models



Experimental Results: Accuracy vs. Latency

Robustness: Accuracy remains stable across 
drift magnitudes.

Latency Spike: Complex models (e.g., MLP, 
Random Forest) see massive latency spikes on 
the Raspberry Pi.

Generalization to Unseen Data: When tested on 
a drift magnitude of 4 (which was not in our 
training set), the MMD metric correctly 
identified the "Drift 2" registry as the closest 
statistical match (MMD=7.43 vs 225.97 for Drift 
7)



A Directed Acyclic Graph(DAG) 
with Models as nodes and 
Accuracy and inference conditions 
as edges has been created. 

Used a greedy approach where the 
model searches for its 
neighbourhood nodes and checks 
whether the current node has more 
inference and Mean square error. 

Didn’t directly put hard values onto 
the edges but created a bound to 
traverse the graph.

Graph approach

The model graph



Graph approach(contd.)

Decision Graph



Testing with KL divergence 

● KL divergence measures how 
much one probability distribution 
differs from another.  A higher KL 
divergence means more drift.

● Introduced a metric which 
measures the drift score for each 
registry

● To select the best model from 
the selected registry, we use the 
meta model approach. 



Future Work

References

● Model selection via Meta learning
● Which model is best for my data
● When and how to update AI/ML models in 6G resource-constrained network 

domains?

● Including more datasets with different distributions
● Adding better usage of bias towards important features (Like using pearson 

correlation coefficient)
● Adding more complex models into the registry so that inference also becomes a 

important metric
● Adding selective retraining if the drift in user data varies too much from the registries 

https://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=889901&tag=1
https://arxiv.org/abs/2210.14687
https://ieeexplore.ieee.org/document/10597011


Meta model approach(contd.)

To increase the overall accuracy to predict the 
best model, two meta models have been 
created. One for accuracy and the other for 
inference. 

Each model gives an individual score for 
accuracy and inference. With this approach, 
accuracy of the meta models(acc and inf) have 
been boosted to 93% and 97% respectively.


