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Figure 4: Experimental results. Corollary 5.2 predicts that a transformer with depth k can recognize
language Lo but not L3 (demarcated by the black line). Up to Lo, this closely predicts our
experimental results (shown as numbers and colors).
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» Fix the lies (positional encoding!) > With coupting in
the past #

» Can transformers contribute to circuit complexity?

On the circuit lower bound barrier. It was suggested in [Hah20] that unconditional lower
bounds against encoder-enly transformer would imply breakthrough cireuit lower bounds against
linear threshold circuits.! Our result avoids this barrier by exploiting the information bottleneck
and autoregressive nature of decoder-only models. Namely, our proof crucially depends on the fact
that in decoder-only models, each token cannot attend to any token after it.
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