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Improving Fine-Grained Vehicle Classification via
Multitask Learning and Hierarchical Consistency
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INTRODUCTION

Problem: Fine-grained vehicle classification often relies on r (k)

MTL

compound labels, 1gnoring the hierarchical relationships between LET

attributes. While multitask learning 1s a known alternative, its
true benefits remain poorly understood, as prior studies are often
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restricted to limited experimental setups.
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Weighted sum of individual task losses.

Dynamically adjusts the weights using
GradNorm.

KL Divergence penalty to prevent
predictions that violate data's hierarchy.

Objectives:

e To compare single-task vs. multitask learning across standard
deep learning models.

® To assess a hierarchical regularization technique for enforcing
semantic consistency.

e To establish a clear baseline to guide future research.
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Annotations:
models, and 14 vehicle types.
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Source: Surveillance system.

Data: 24,945 1mages (16,308
unique vehicles).
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RESULTS

Classification Performance

(el) single-task learning — separate models are trained independently for each attribute.

Comparison of deep learning models for single-task, multitask, and multitask with hierarchical regularization
setups. Hierarchical Consistency Error (HC-Err) 1s also reported, with (e€3) achieving the largest reduction. Results
are averaged over 10 runs, with standard deviation in parentheses. The best outcomes are shown 1n bold.

Confidence Distribution

Vehicle model classification

conﬁdence across setups, using
Efﬁc:lentNet V2 Small.
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63.07 (2.33)
40.15 (3.99)
38.38 (2.51) (a) Single-task setup.

(e2) Multitask learning — a single model jointly predicts all attributes.
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(b) Multitask setup.

(e3) Multitask with hierarchical regularization — KL-based penalties are applied to enforce consistency between related attribute predictions.
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CONCLUSION

Key takeaways: Multitask learning generally mmproved classification
performance. Hierarchical regularization offered a different benefit: 1t enhanced

the model's consistency, even 1f 1t didn't always increase accuracy.

Next steps: Expand to finer-grained attributes (e.g. subtypes, sub-models), and

find the optimal attribute combination for classification.
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