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Language Models Need Inductive Biases to Count Inductively
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Why counting?
1. Counting is treated as a primitive in formal frameworks of Transformer’s expressivity.

select_all = select(1,1,==) 
length = 1/aggregate(select_all, indicator(indices==0))

same_tok = select ( tokens, tokens, ==) ; 
hist = selector_width (

same_tok, 
assume_bos = True 

)

2. Counting is a key component in many complex tasks.

3. The mechanism of counting is a mapping from set cardinalities to integers.
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Why inductive counting?

If a word in an ordered number word list refers to sets with cardinality n, 

then the next word refers to sets with cardinality n + 1.
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Conclusion

1. The difficulty of inductive counting:

• not about tackling unseen vocabularies

• not about tackling unseen positions

• It is about tackling unseen cardinalities

2. Architecture choice should inform desired inductive bias.

3. Causes of length-generalization failures are multi-faceted.

8


