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Can trained networks encode task difficulty?
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Hypothesis: Task complexity should also leave 

signatures in the learned weight structure

Given two neural networks, can we tell which one learned the harder task?

Existing approaches compare networks using [1,2]:
• Representational measures: CCA, CKA, RSA, …
• Functional measures: accuracy, predictions, decision boundaries, …
Previous work shows that task structure affects learned representations [4].



Choosing easy and hard tasks

Structural Similarity Index (SSIM) -
a method used to assess the similarity 
between two images.

SSIM distance = 1 – SSIM

• Lower SSIM distance → harder task
• Higher SSIM distance → easier task  
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Data-agnostic probes for MLPs

• Pruning and binarization
• Noise injection
• Flipping signs
• Bipartite network randomization
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Pruning and binarization
Setup:
• Remove smallest weights first
• Binarize and measure accuracy
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Easy task Hard task

• Signed hard-task model exhibit a 
performance transition

• The easy-task model remains quite robust



Noise injection
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Easy task Hard task

Setup:
• Perturb each edge weight 
• Binarize and measure accuracy

• Stochastic resonance-like effect for 
both models



Flipping edge sign
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Setup:
• Flip signs of the smallest weights
• Binarize and measure accuracy

• Again, performance peaks when a certain 
fraction of the weights’ signs are flipped.

Easy task Hard task



Bipartite network randomization
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Bipartite network randomization
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Easy task Hard task

Setup:
• Apply a bipartite randomization
• Measure accuracy

• Preserving the edge sign maintains high 
accuracy (randomization B, E, F)

• Hard-task model is less robust to randomization



Defining task complexity
Performance gap between
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full-precision and binarized models full-precision and randomized models



Conclusions
• Data-agnostic probes for measuring task complexity.
• The robustness of learned weight structures depends on task difficulty.
• Sign structure matters more than weight magnitude.

Future directions: 
• Compare with representational similarity measures: CCA, CKA, RSA.
• Can task complexity guide the design of better architectures, initialization schemes, 

or compression methods?
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Questions?

https://robertjankowski.github.io/

R.Jankowski@tudelft.nl


