What’s in the box?!

ExPLAIND attributes model behavior to the

, , and at local and global
granularities in a unified interpretability framework.
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...and all you need is gradient descent. Paper, code & contact
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Does it work? Yes!

training
Model ResNet9  Transformer CNN steps
Data CIFAR-2 MOD-113 MNIST :
Integr. Steps | 10 100 10 100 10 100 and are explained by
EPK Acc. | 0997 1.0 0.748 1.0 0998 1.0 from different perspectives and granularities
KL Diverg. 0.0 00 088 0.0 0.0 0.0
. . . /
Summing up the scores exactly recovers predictions. Y = wi(s, 0, x', x)
Case Study: EuroLLM-1.7B Case study: Grokked Transformer
Scaling to larger models requires We train a 1-layer transformer model which exhibits Grokking.
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...and much more (see paper)!

Let fy: & — Y be a model with parameters 0 € RP, where & C R and % C R, and where
D = {(x1,31)5 .- (Xaps Yag) } be a dataset. Further, let Oy be obtained from 6, by N steps of AdamW (5 90 x,, X); = G, (), € R r.:=all € R,
1 0.() :=0.+10,,—0,)€RP,
Plesi(x) = ,[0 Veﬁgx(t)(x) dt € RO%P, 0, = a(l - ﬁl)ﬂi“i(l } 'Bi“"l)‘l cR.
Vo(LUy@o-70)
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with learning rates a,, weight decay A, and loss L. Let x € & be a model input. Then the predictions
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