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P robabi l ist i c  P rog .  Languages

👍 •  Exp l i c i t  causa l  s t ruc t u re

•  P r inc ip led  unce r ta in ty

•  Forma l  seman t i cs

👎 •  Needs  expe r t  doma in  know ledge

•  Ted ious  to  wr i te  for  la rge  sys tems

•  No  one-s ize- f i t s-a l l  in fe rence

La rge  Language  Mode l s

👍 •  Mass ive  pre t ra in ing  da ta

•  Na t u ra l- language  pr iors

•  Gene ra l-purpose  CoT  reason ing

👎 •  B lack-box

•  Poor  unce r ta in ty  ca l i b ra t ion

•  No  forma l  mean ing

🔺  Goa l :  Use  L L Ms  to  propose  mode l s ,  bu t  keep  P P Ls  as  the  s t ruc tu red  outpu t  for
mode l l ing .

Why  combine  PPLs  &  LLMs?
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Part I: Semantics of PPLPart I: Semantics of PPL

1.  Ca tegor i ca l  Semant i cs  for  P P Ls

📄
"P robab i l ist i c  P rog ramm ing
for  Random  G raphs"

2.  LazyP P L  for  Bayes i an  Nonpa rame t r i cs

📄
"A f f ine  Monads  and  Lazy
S t ruc tu res"

💻 LazyPPL Haske l l  l ib ra ry

3.  Semant i cs  o f  S tochast i c  Memo iza t ion

📄
"S tochast i c  Memo iza t ion
v i a  P resheaves"

Part II: LLM-Guided PPL SynthesisPart II: LLM-Guided PPL Synthesis

4.  G F lowNe ts  &  L L M  S tee r ing

📄
"Amor t iz ing  in fe rence  in
LLMs"

5.  L L M-Gu ided  P robabi l ist i c  P rog ram
Synthes is

🔧
SynthS ta ts  w i th
GF l owNe t-gu i ded  LLMs

6.  Appl i ca t ions  and  Case  S tudies

📄
"Can  a  Bayes i an  O rac le  P revent
Ha rm?"

Append ix  :  Add i t iona l  LazyP P L  Examples ,  Ex tended  P roo fs ,
Implemen ta t ion  De ta i l s

Thesis  Structure  &  Key  Papers

(POPL  ' 24)

(P O P L  ' 23 )

(MFPS ' 23)

( I C L R  ' 24 )

( in  prog ress )

(2024)
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LazyP P L  (P O P L  ' 23 )

Haske l l  l i b ra r y  for  Bayes i an
nonpa rame t r i cs

Two  commuta t ive  monads  des i gn :
Prob a :  A f f ine ,  sampl ing

Meas a :  Non-a f f ine ,  scor ing

Quas i-Bore l  spaces  seman t i cs

In f in i te  Lazy  Rose  Tree :  

Nodes :   va l ues

B ranches :  Independen t  va r s

Gene ra ted  on  demand

S tochast i c  Memo iza t ion  (M F P S  ' 23 )

P rese r ves  da ta - f low  prope r t y

Key  for  nonpa rame t r i c  mode l s

≝

:  b ig raph  (memo  sta te ) ,  :  f in i te  prob . ,

:  coend  ove r  embedd ings ,  :  func t ions

Part  I:  Foundational  Work  (LazyPPL Focus)
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Compos i t iona l  semant i cs  enab les :
Dec la ra t ive  s ty le

In f in i te-d imens iona l  spaces

No  a rb i t ra r y  t runca t ion

In fe r red  prog rams  f i t t ing  the  da ta

LazyPPL Example:  Program  Induction
Task :  In fe r  prog rams  f rom  input-
output  examples
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G F l owNe t-F ine- tuned  L L M  ( I C L R  ' 24 )

Lea r ns  a  d is t r i but ion
(vs  R L  max im iz ing  for  s ing le  bes t  one )

Gene ra tes :

1 .  Cha in-o f- though t  reason ing

2 .  Then :  Execu tab le  P P L  code  (PyM C )

 Based  on :  “Amor t iz ing  int rac tab le
in fe rence  in  L L Ms”  ( I C L R  ' 24 )

Key  Benef i ts

D ive r se  mode l s  →  be t te r  unce r ta in ty

More  robus t  to  rewa rd  hack ing

In te rp re tab le ,  aud i tab le  code

Part  II  –  SynthStats  Pipeline
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T ime l ine  to  Subm iss ion  (M i chae lmas
2025)

Tr in i ty  2025 Summe r  2025

 SynthS ta ts
pro to type

 Comple te
expe r iments

 Mu l t i-component
rewa rd

 Thes is  wr i t ing

 Thes is  wr i t ing  JAX  backend  ( i f  t ime
pe rmi ts )

Key  Cont r ibut ions

B r idge :  P P L  ⇄  mode r n  L L Ms

D ist r ibut ion-based  gene ra t ion  >
rewa rd-max  R L

Inte rpre tab le  mode l s  vs  b lack-box
answe r s

Pa th  to  sa fe r,  unce r ta inty-awa re  M L

Roadmap  &  Take-aways
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Thank  You!

Questions  &  Feedback  Welcome
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