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Variability of AI Tasks in Agriculture

Harvester control

Obstacle detection Classification

• Latency? Accuracy? Hardware cost? Model size? Memory usage?
• Software↔ Hardware interactions
• “Use GPU-accelerated TensorFlow or CPU-bound TensorFlow Lite?”
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Variability of AI Software Systems

Agricultural AI

Task
Classification AI Architecture . . .

BBox Segmentation AI Architecture . . .

Pixel Segmentation AI Architecture . . .

AI Platform TensorFlow
TensorFlow Lite Quantization . . .

HW Platform
i.MX8
. . .

Jetson Xavier
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Cost and Performance Optimization

Latency

Cos
t

Pareto-optimal configurations

• Exhaustive search is impractical
→ Use black-box models for

configuration [SSS10; Per+21]
• Goal: automatic generation
→ Accurate? Interpretable?

Noteworthy observations?

NFP model
f

Configuration
x⃗ ∈ M

Property
y ∈ R
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Related Work in AI Engineering

Focus on specific models or use cases
• Neural Architecture Search (NAS):
Optimize accuracy of provided neural network [Tan+19; LDL21]

• White-box latency models for specific GPUs and TinyML [Li+21; Ban+21]

Here:
• Selection of promising neural networks for optimization
• Hardware selection and runtime configuration
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AI Product Line / Feature Model
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Feature Extraction

Runtime Batch Size Scalar:
Batch Size ∈ N>0
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Product line configuraton ⇒ Feature vector x⃗



Feature Extraction

Quantization

Default

Float16

Int8

• Boolean:
Default, Float16, Int8 ∈ {0, 1}
x⃗ ∈ {{1, 0, 0}, {0, 1, 0}, {0, 0, 1}, {0, 0, 0}}

• Categorial:
Quant ∈ {Default, Float16, Int8,⊥}
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Modeling Methods

• Focus on decision trees:
• Automatic generation of tree structure
• Easy to understand

• CART (classification and regression trees) [Bre+84]

• DECART (data-efficient CART: no scalars) [Guo+18]

• LMT (linear model trees) [Qui+92]
• XGB (extreme gradient boosting) [CG16]
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Tree Structure: Binary vs Categorial

Binary
def, f16, i8 ∈ {0, 1}
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Categorial
Quant ∈ {Default, Float16, Int8,⊥}

xquant?

⋮⋮⋮

Default Float16Int8

Close to feature model
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Tree Structure: Binary vs Categorial
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Categorial / non-binary trees [Kep96]
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Runtime Memory Usage
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⇒ Linear Model Trees perform best; overall acceptable model accuracy
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Interpreting the NFP Model

Typical sub-structure in Linear Model Tree for Throughput:
AI Platform?

cβ0 + β1 ⋅ batch_size

TF TFLite

⇒ batching useless on TensorFlow Lite?
c > β0 + β1 ⇒ TensorFlow Lite faster for low batch sizes?
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Batching: Observations

0 10 20 30 40 50 60 70
0

100

200

Batch Size

Thr
oug

hpu
t[F

PS]

MobileNet v3 on Jetson Xavier

TensorFlowTFLitedefTFLitef16TFLitei8

⇒ TFLite better than GPU-accelerated TensorFlow for low-latency inference
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Conclusion

• Considering Hardware/Software interactions is important
• Black-Box Models for AI Software Systems provide valuable insights

• Linear Model Trees perform best in our evaluation
• abstraction error < 13%
• generalization error < 26%

• Categorial trees are useful: more compact, ≈ same accuracy
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