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Motivation
• Common Strategy: approximate a neural network with 

a surrogate model, since neural networks are difficult to 
interpret.

• Implicit Assumption: high surrogate fidelity implies that 
a surrogate captures the NN’s predictive structure.
• If a surrogate closely matches a model’s behavior, it 

should preserve the structure responsible for its 
decisions.

• Result: high surrogate fidelity does not guarantee 
access to predictive structure.

Methodology
• Setup: compare a linear baseline, a neural network (𝑓), 

and a linear surrogate (𝑔).
• Training: fit 𝑔 to mimic 𝑓.
• Metric: measure fidelity with the linearity score 𝜆 𝑓 ≔
𝑅2 𝑓, 𝑔 , which captures how linearly decodable a 
neural network’s behavior is.

• Interpretation: high 𝜆(𝑓) signals high linear decodability 
and low 𝜆(𝑓) signals significant deviation from linearity.

• Testing whether surrogate fidelity remains 
informative under distribution shift (California Housing 
dataset). 
• Training: middle 80% of the income distribution
• Evaluation: IID within the middle 80% & OOD on the 

10% lowest and highest income homes.

• Surrogates perform substantially worse than the 
network in the IID region and better in the Tail-R (high 
income) region despite nearly identical 𝝀 𝒇  values.
• Nearly identical 𝜆(𝑓), completely different 

predictive behavior.
• High-fidelity explanations may fail to reflect (or even 

invert) comparative predictive performance under 
shift.

Implications
• There is a fundamental distinction between surrogate 

fidelity and model behavior.
• Fidelity-based explainations are informative about a 

model’s behavior, but not necessarily about the 
structure that governs predictive performance.

• Surrogates may faithfully explain a model’s behavior 
while failing to capture the task-relevant structure 
responsible for the model’s predictive advantage.
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Note: 𝜆(𝑓) describes the linearity of the learned function 𝑓(𝑥) relative to 
input 𝑥, not the linearity of the original data.
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Root Mean Squared Error of Neural Network and Surrogate Model 
by Domain

Neural Network

Surrogate Model

Domain 𝝀(𝒇) 𝑹𝑴𝑺𝑬(𝒇) 𝑹𝑴𝑺𝑬(𝒈) 𝚫𝐑𝐌𝐒𝐄

Mid 80% 0.651 0.519 0.718 0.199
Tail-L (bottom 10%) 0.289 0.548 0.676 0.128
Tail-R (top 10%) 0.675 0.927 0.841 -0.086

Δ𝑅𝑀𝑆𝐸 = 𝑅𝑀𝑆𝐸 𝑔 − 𝑅𝑀𝑆𝐸(𝑓)
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