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Monotone = No Negations in Circuit Models
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There iIs a complexity measure which
can lower bound all of these models!
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- Unified proof of essentially all bounds sketched earlier
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- First exponential lower bounds for monotone span
programs.

- First separation between monotone span programs and
MmP/MmNL/non-monotone span programs.
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Conclusion

Unified lower bounds against monotone models
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Algebraic gaps — other applications?
Average case lower bounds?

Sharpen lifting theorems further?
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