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- Finding 2: The discovered neuron paths play a vital role in
Algorithm 1 Layer-progressive Neuron Locating Algorithm model inference.

Finding 5: Neurons within Vision Transformer models are

Intra-class analysis on neuron path: largely redundant, with only a sparse subset significantly
impacting model performance.

Input: Model F' with L layers, input sample x
Output: neuron path P
Initialization: P = o,/ =1
while [ < L do
W is the set of neurons in layer [ of F'; Score = 0, p = None
for w € W do « 1l ] -
if Score < JAS(P, w) then SR s A A B S S S I S R S II 1. Neuron Path in more modules.
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Score = JAS(P, w); p = w o | | 2. Neuron Path in more tasks.
P=PU{phl=1+1 Finding 3: Some certain neurons contribute more at each layer

to specific classes. 3. More applications with Neuron Path.

Class: albatross Class: Weimaraner Class: Border collie Class: Eskimo dog
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