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Executing a probabilistic program produces a subdistribution over states

Quantitative bounds ⇒ properties of the program

Safety: 
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‣ May not terminate 
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Step-indexed & higher-order

    terminates with value     and  
holds, with probability          .

Mechanized in Rocq
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Step-indexed & higher-order

Spending Splitting AveragingError Credits with

!

Recursion rule does not hold!
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Continuity

Total Eris

    terminates with value     and  
holds, with probability          

“roll5 terminates with a value less than 6 with arbitrarily high probability” 

“roll5 terminates with a value less than 6 with probability 1” 
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Error Induction 
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Assume a nonzero amount of credit, 

Perform induction on the number of rounds,

Prove that the error increases in every recursive case,

Conclude by continuity. 

Ask me about general forms!
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‣ Error credits in a total logic  
‣ Error induction + continuity for recursive programs 
‣ Handles higher-order, stateful programs
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Time Credits: Deterministic 
Pioneered by Bob Atkey Amortised Resource Analysis with Separation Logic

Separation logic plus time credits 

runtime bound of Soundness:

‣ Derived rules for amortization 



‣ Time Credits and Time Receipts in Iris (2019) 

‣ Thunks and Debits in Separation Logic with Time Credits (2024)
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Time Credits: Deterministic 
Pioneered by Bob Atkey Amortised Resource Analysis with Separation Logic

Separation logic plus time credits 

Mével, Jourdan, and Pottier

Pottier, Guéneau, Jourdan, Mével

(Some) Subsequent Work
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Unused
Insufficient!
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Expected Cost Bounds as a Resource
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Step-indexed & higher-order
Mechanized in Rocq

TACHIS Expected Cost Credits

The expected cost of      is    ,

and         holds on its result.
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Step-indexed & higher-order
Mechanized in Rocq

TACHIS Expected Cost Credits

‣ Averaging rule

‣ User-defined cost models

‣ Generalizes rules from Iris$
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‣ Wastes entropy! 

Entropy model
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Verify expected entropy use in Tachis?
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TACHIS Example: Batch Sampling
Entropy model

‣ Higher-order, stateful specification 

‣ Amortize entropy consumption of 

51
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TACHIS Example: K-way merge

Where is the randomness?
‣  Encapsulated!
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TACHIS Example: K-way merge

Abstract Comparator

Meldable Heap

Abstract Heap

K-way merge
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Expected Cost Bounds

Challenge 3.

‣ Expected cost bounds as a separation logic resource   
‣ Generic cost model 
‣ Encapsulated probabilistic reasoning 
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TACHIS Implementation
Cost InterpretationCost Credit

Splitting Expected cost credit upper bound

Local, Higher-order specs, Invariants…

Agreement
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