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General purpose large language models (LLMs)
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Briefly tell me in a sentence about the workshop on tractable probabilistic modeling (TPM). If you
were to give a talk, what might you talk about?
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Response
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The Workshop on Tractable Probabilistic Modeling focuses on probabilistic models that support
@ ChatGPT BEitEa ot approximate inference, such as probabilistic circuits, sum-product networks, and
related neural-symbolic methods. If | gave a talk, Id discuss how tractable probabilistic models can
be combined with modern deep generative models to provide calibrated uncertainty, interpretable

structure, and efficient reasoning.
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» General purpose models: trained at massive scales, used as-is and
directly for a wide range of problems.



Models have far exceeded expectations



Language models as agent simulators

LLMs as agents in competitive
environments, games

(A) Open Ascending-Price Auction (B) Bidder Agent Design (C) Examples
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Figure 1: An illustration of|AUCARENA: (A) shows a multi-round, ascending-price auctio:
wu.h an auctwneer announcing the es! , where bidders publicly decide after private
presents a bidder agent structu.re using the Belief-Desire-Intention Model,

mvolvmg planmng, blddmg, belief updating, and replanning)where beliefs and plans are

adjusted O development. (C) offers instances of updated beliefs and plans,
l.llush'atmg a bldder a].locatmg priority scores to items post-reasoning.

P Can we use LMs to simulate complex social dynamics? (Chen et al.2023;
Zhang et al.2024; Yang et al.2025)
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Valuable tool for running social science experiments, testing theories of

language interaction, complex reasoning, adversarial language experts.



Language models as part of complex systems

o Experiment Execution Engine

Machine
learning
experiment

ChatGPT

Model
generated
code

Experiment automation

P Automated research (Bogin et al.2024; Yu et al.2026) and general agentic
benchmarking (Bragg et al.2026).
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Abstract

Can e leverage LLMs to model the proces of discovering novellnguage model
architectures? Tnspired by real research, w amulti-agent LLM approach
{hat smolates the conventional iages of escareh, from ideaton and Tneraure
search (proposal stage) to design implementation (code generation), generative
pre-training, and downstream evaluation (verification). Using ideas from scaling
laws, our system Genesys employs a Ladder of Scales approach; new designs
are proposed, adversarially reviewed, implemented, and selectively verified at
increasingly larger model scales (14M~350M parameters) with a narrowing budget
(the number of models we can train at cach scale). To help make discovery
ienesys uses a novel genetic programming backbone,

+~86% peroentage poin improvement i sucessl
design generation, a key bottleneck). We report experiments involving 1,162
newly discovered designs 1,062 flly veriied twrough pre-ining) and find he
best designs to be highly competitive with known architectures (e.g., outperform
GPT2, Mamba2, etc., on 6/9 common benchmarks). We couple these results with
comprehensive system-level ablations and formal results, which give broader
insights into the design of effective autonomous LLM-driven discovery systems.
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Abstract

Automatic research with Large Langusge Mod-
els (LLMs) i rapidly gaining importance, driv-
ing the development of increasingly complex

rkflows involving multi-agent systems, plan-
ning, tool usage, code execution, and human-
agent interaction to aceelerate rescarch pro-
cesses. However, as more researchers and de-
velopers begin 1o use and build upon these ools.

end research pipelines (Jansen et al., 2025; Lu
etal., 2024; Yamada et al., 2025; Li et al., ztmb
Cheng et al., 2025). Recent advances in {
Ieverage meihods incuding mul aget callibors.
tion (Schmidgall et al, 2025), tool using (Skarlin-
ski et al, 2024), and tree-based search (Yamada
etal, 2025) to augment ts performance.

In spite of this success, however, existing auto-

and platforms, the complexity

ficant chall -

are overly.

use and extend ical exper-

tcularly as algorithms and architectures con-

tise. from three key issues:

plexity, TINYSCIENTIST identifies the essential
nents of the automatic research work-
flow and proposes an interactive, extensible,

gl to cagage wih the specific agent’s research
eogees do ot complextyof escarch inkats
and unclear (Zouetal,

pis
10 new tools and supportsiterative growth. We.

2028 L tal, 20250, ml.kmg ook scrp-

. an interac-
tive web demonstration’, and a PyPI Python
package’

ing representative s rely on nm P

1,20;

and developer.

tools or adapt to different research
domains. (3) insufficient controllability: many

(Cheng et al.2025)

(Yu et al.2025)

A tool for scientific discovery (Yu et al.2026), automated experiment

execution, helping non-experts engage in research.




Lots of optimism, hubris, Nobel prizes....



Missing semantic and algorithmic foundations.
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How do we get to general-purpose LLMs? recipe
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Open model development: Olmo
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The landscape of generative Al research: Foundations
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Figure 1: The Transformer - model architecture.

» Model architecture design: what kinds of problems can specific

architectures (e.g., transformers) express? Are there clear limitations?



The landscape of generative Al research: Foundations
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Training models
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P Pre-training and evaluation: \Why is next-token prediction such an

effective signal and how do we effectively measure model knowledge?



The landscape of generative Al research: Alignment
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P Loss design: What do we do when we train models to preferences? Does

the optimization have an internal logic?



What do these computations mean?



The landscape of generative Al research: Inference

Ghai-ot-Thought Proming Test-time inference

st s s Chain-of-Thought Prompting Elicits Reasoning
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P Test-time inference: \What kinds of reasoning structures do LLMs build?

How can we know if the reasoning is correct and sound?



The landscape of generative Al research: Inference
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P Test-time inference: \What kinds of reasoning structures do LLMs build?

How can we know if the reasoning is correct and sound?



LLMs build structures, what are these structures?



How are all these areas connected to one another?



Programming languages for LLM research

unlabeled
corpus

Pre-training

Training models
to generate text

Restricted Access Sequence Processing Language (Rasp)

Thinking Like Transformers

Masked Hard-Attenti
Exactly the Star-Free Languages

Gail Weiss' Yoav Goldberg?® Eran Yahav'

def num_prevs (bools) {

2 prevs = select(indices, indices,<=);
3 return (indices+1) x

. aggregate (prevs,

s indicator (bools));
6 )

7 n_opens = num_prevs(tokens=="(");

8 n_closes = num_prevs(tokens==")");

5 balance = n_opens - n_closes;

10 prev_imbalances = num_prevs(balance<o);

11 dyckiPTF = "F* if prev_imbalances > @
2 else
" ("T* if balance==0 else "P*);

Figure 15: RASP code for computing Dyck-1-PTF with the
parentheses ( and ).

Pe(i) =w;[j <i,1] Qe()j): 0

Su(i) = i [7 >, 11 0,() : 0.

1) = (Qe (i) ASH(D) V (Qr () A Pe(i)).

Be(i) i=»; [j <i,=1()] Qe(j): 0

Ar()) =< [ >1,-1()] Q:(j): 0

Ci) = 1G) V (Qe(i) A A(D) V (Q,(0) A Be ().
Y() = »; [1,-C(j)] 0: 1.

Figure: B-rasp for computing Dyck-1

P> Rasp: Languages that capture the underlying computational model of

transformers (Weiss et al.2021; Yang and Chiang2024; Yang et al.2024; Huang et al.2026).



Programming languages for LLM research

ModelLog
From Token Probabilities to Semantic Constraints: Towards Declarative
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Training models
to generate text

P Declarative-style probabilistic programs, probabilistic logic, takes much

inspiration from PLP (De Raedt and Kimmig2015; Fierens et al.2015; Manhaeve et al.2018)



Programming languages for LLM research

Declarative Loss Function Design human.preferences
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Semantics Ppeo = Poproz

U ing the Logic of Direct Alignment through Logic

P Declarative-style probabilistic programs, probabilistic logic, takes much

inspiration from PLP (De Raedt and Kimmig2015; Fierens et al.2015; Manhaeve et al.2018).



Languages provide a rich, declarative semantics



Programming languages for LLM research

LMQL

Prompting Is Programming: A Query Language for
Large Language Models

LUCA BEURER-KELLNER, MARC FISCHER, and MARTIN VECHEV, ETH zuricr}

General
Purpose LM

A
CI»J(—»C]

response T_D

P Imperative-style programming, add structure to LLM workflows, mix with

conventional programming (Beurer-Kellner et al.2023; Mandel et al.2026; Wu et al.2026).



Programming languages for LLM research

finear(€3)

ANALYTICA: SOFT PROPOSITIONAL REASONING FOR
ROBUST AND SCALABLE LLM-DRIVEN ANALYSIS
Junyan Cheng Kyle Richardson_Peter Chin

artmouth

College” Alen Instiute for Al
jc. thedartmouth. edu kyler@allenai.org
o —

General
Purpose LM

A

< l {A' System Designl
C> . -

response T_D

» Modeling message passing, score aggregation in forecasting agents, LLM

soft scoring; problog (De Raedt et al.2007; Dries et al.2015).



Tractable Language Model Programming




Language Model Programming

Symbolic Programs Loss functions [os———
— o= 7i: bool =~ Fiip( (MR
aea 2: bool =~ Flip( %, .
And(Msy, ) Re£0:y. ),
e desenll | REHCE
) o1
o3 . 0.55, (0.81)
Modify — yiaa
Implies( -
And(Mxy),Re £05r.))y og o ( 1og = et J
= mn(nz.

Compilation
Semantics Ppro = Poroz

Pe(i) =w;[j <i,1] Qe()) : 0

Sp() =« [j >i,1] () : 0.

1) = (Qe (i) A Sy (1) V (Qr (i) A Pe (D).

Be(i) = w3 [j < i-1()] Qo) :0

A()) =< [ >i,-1()] @:(j) : 0

C(@i) =1() V (Qe (i) A A (D) V (@ (i) A Be(i))-
Y(@) :=»;[1,-C()] 0: 1.

» LM programming: The study and design of languages for specifying,
composing and reasoning about LLM computations.



Tractable Language Model Programming



Tractable Language Model Programming

Loss function design (Richardson et al.2025) Prompting (Richardson et al.2026b)

CoTs as Tractable Probabilistic Programs
Understanding the Logic of Direct Preference Alignment through Logic

e Richardson Yu Feng” Poorva Garg
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Pre-training evaluation (Richardson et al.2026a)
Test-time inference (Garg et al.2026)
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Kyle Richardson Guy Van den Broeck ~
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P> Tractable LM Programming: languages designed for exact, tractable

probabilistic and logical inference.




Tractable Language Model Programming

Loss function design (Richardson et al.2025) Prompting (Richardson et al.2026b)

‘CoTs as Tractable Probabilistic Programs

Understanding the Logic of Direct Preference Alignment through Logic

Kyle Rich Yu Feng Poorva Garg
Kyle Richardson’ Vivek Srikumar? Ashish Sabharwal Alen Insitut for Atficia Intllgence  Uriversity of Peansylvania  University of California Los Angeles
* Allen Institue for AL 2 University of Utah P
{Kylerashishs} @allensiong  svivek@cs utah edu Darmouth College Univesiy of California Los Angeles  University of Pennsylvania

Pre-training evaluation (Richardson et al.2026a)
Test-time inference (Garg et al.2026)

From Token Probabilities to Semantic Constraints: Towards Declarative

Probabilistic Programs of Thought Probabilistic Evaluation of Language Models
N Kyle Richardson' Cullen Anderson’ Pranav Balakrishnan’ Takuto Ban’ Daksha Ladia®
Poorva Garg. Renato Lui Geh Ankita Gupta®  Marisa Hudspeth®
University of California Los Angeles University of California Los Angeles
poorvagargécs. ucla.edu renatolgécs.ucla.edu
Daniel Tsrael Todd Millstein Agentic modeling (Cheng et al.2026)
University of California Los Angeles. University of California Los Angeles
daniel.n. israelcs.ucla. edu toddecs. ucla. edu
ANALYTICA: SOFT PROPOSITIONAL REASONING FOR
Kyle Richardson Guy Van den Broeck ~
T e AL Cnivorsity of Cabfomia Los Angeles ROBUST AND SCALABLE LLM-DRIVEN ANALYSIS
kylereallenai.org guyvdb@cs.ucla. edu

Junyan Cheng’ Kyle Richardson’Peter Chin
Dartmouth College”Allen Institute for Al

Today: discuss prompting and a discrete probabilistic programming
language (COPPER) we built for modeling chain-of-thought.



CoTs as Tractable Probabilistic Programs

(with Yu Feng, Poorva Garg, Junyan Cheng, Guy Van den Broeck, Dan Roth)
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What is chain-of-thought?

P Originally a prompting strategy that first asks models to think
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What is chain-of-thought?

P Originally a prompting strategy that first asks models to think

step-by-step, produce a reasoning trace before answering.

E.g.,

lawful arrests? Think step-by-step.

Prompt (Q) Could the members of The Police perform ‘

LLM CoT Reasoning Trace:

[ The members of The Police were musicians.

‘ Only law enforcement officers perform lawful arrests of other people. E ‘

Based on this, the answer is no. (answer: no) E

where a trace T = (s, ..., sp) consisting of

> A sequence of thoughts s; ~ Pa(- | s<i,0).
> A final answer A~ Pr(- | T, Q).



Producing CoT is just decoding: A, T ~ Py (- | Q)



Chain-of-thought is everywhere! It is a:

Prompting strategy

Chain-of-Thought Prompting Elicits Reasoning
in Large Language Models

JasonWei  Xuezhi Wang  Dale Schuurmans  Maarten Bosma
Brianlchter ~ FeiXia EAH.Chi  QuocV.Le DennyZhou
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Prompting strategy

Chain-of-thought is everywhere! It is a:

Structure for model training

Chain-of-Thought Prompting Elicits Reasoning
in Large Language Models

JasonWei  XuezhiWang  Dale Schuurmans  Maarten Bosma
Brianlchter ~ FeiXia EAH.Chi  QuocV.Le DennyZhou

DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via
Reinforcement Learning

DeepSeek-Al

research@deepssek. con
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Questions

Large
Teacher

‘
Prompt

Zero-shot-CoT

Reasoning samples

2
)Y \—
Fine—tun$\> s?t:::lrlnt

from Ho et al. (2023) Large L. Models are F

ACL
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Chain-of-thought is everywhere! It is a:

Prompting strategy Structure for model training

. o . DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via
Chain-of-Thought Prompting Elicits Reasoning Reinforcement Learning

in Large Language Models

DeepSeck-Al

ressarchodespsask. con
Jason Wei Xuezhi Wang Dale Schuurmans Maarten Bosma »

Brianlchter ~ FeiXia EAH.Chi  QuocV.Le DennyZhou

Tree of Thoughts: Deliberate Problem Solving
with Large Language Models

Shunyu Yao Dian Jeflrey Zhao Izhak Shafran
Princeton University  Google DeepMind  Google DecpMind  Google DecpMind

‘Thomas L. Griffths ‘Yuan Cao Karthik Narasimhan
Princeton University Google DeepMind Princeton University

Structure for test-time inference



Ch - Tree of Thoughts (ToT)
-Thought
(CoT)

from a chain .

].l'lpl.lt Branching out P A \ from a chain

|

|
}

|

Output
Intermediate
- thoughts are
m' thought, exploring also scored
LLM thoughts it further, and possibly
o oner backtracking from it

from Besta et al. (2023) Graph of Thoughts AAAI
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Source Document:
Achild qualifies for benefits if they are One's age is at most the current ‘Achild qualifies in 2023 if they are
under 21 and resido with a parent [ year minus their birth year c“'“"“"‘“““‘] [ under 21 and reside with a parent e ]
Charlie was bem in 2005 and lives with parent
Char

‘Charlie was bor in 2005 and
tBop,  Question

Output NL Premises
Input Chain-of-Thought Steps

iy bisthYear(charle) = 2005 1
h(charlie, bob) A Parent(bob, charlic)

[ C»: Chariie is at most 18 in 2023. )—-[ Fy:age(charlie, 2023) < 18 ]1—{ Py, y. age(z,y) < y  birthYear(z) |
[

C: Chariie was bom in 2005 and
lives with his parent Bob.

P:birthYear(charlic) = 2005
Li i lie, bob) A P:

A
t(bob, charlie)

[c,:A child who is 18 or younger and

P, el 2029 16 1 3y Wik, ) [PV e 2020) <1 1 33, LrsWih(z )
lives with a parent quaifies. J arent(y, 2)) —» Qualif Parent(y, ) - Qualifies(z)
C: Therefore, Charlie qualifies for ( N
Fi; Qualifies(charlic) VERIFIED: _
onotks k2025 Al autoformalized CoT steps implied Output Logic Formula (Fs)

from Feng et al. (2026) VeriCoT: Neuro-symbolic CoT Validation ICLR
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Chain-of-thought is everywhere! It is a:

Prompting strategy Structure for model training

DeepSeek-R1:

. . . g Capability in LLMs via
Chain-of-Thought Prompting Elicits Reasoning Reinforcement Learning

in Large Language Models

DeepSeck-Al

research@deepssek. con
JasonWei  Xuezhi Wang  Dale Schuurmans  Maarten Bosma

Brianlchter ~ FeiXia EAH.Chi  QuocV.Le DennyZhou

Tree of Thoughts: Deliberate Problem Solving
with Large Language Models Language Models Don’t Always Say What They Think:

Unfaithful Explanations in Chain-of-Thought
Prompting

Shunyu Yao fan Jeflrey Zhao Izhak Shafran
Princeton University  Google DeepMind  Google DecpMind  Google DecpMind

‘Thomas L. Griffths Karthik Narasimhan

fuan Cao 12 ' E 1 13
Princeton University Google DeepMind Princeton University Miles Turpin, - Julian Michael,' Ethan Perez,' > Samuel R. Bowman

INYU Alignment Research Group, 2Cohere, *Anthropic

Structure for test-time inference Object for behavioral analysis



In-context Demonstration

Inference by LLM

Query

Leah had 32 chocolates and her
sister had 42. If they ate 35, how
many pieces do they have left in
total?

Julic is reading a 120-page book. Yesterday,
she was able to read 12 pages and today, she
read twice as many pages as yesterday. If she
wants to read half of the remaining pages
tomorrow, how many pages should she read?

Standard

The answer is 39.

The answer is 18. X

Originally, Leah had 32
chocolates and her sister had 42.
So in total they had 32 + 42 =
74. Afiter eating 35, they had 74
- 35 =39 pieces left in total. The
answer is 39.

Julie is reading a 120-page book. Yesterday,
she read 12 pages and today, she read 24
pages. So she read a total of 12 + 24 = 36
pages. Now she has 120 - 36 = 84 pages left.
Since she wants to read half of the remaining
pages, she should read 84 / 2 = 42 pages. The
answer is 42. //

Invalid
Reasoning

Originally, Leah had 32
chocolates and her sister had 42.
So her sister had 42 - 32 = 10
chocolates more than Leah has.
After eating 35, since 10 + 35 =
45, they had 45 - 6 = 39 pieces
left in total. The answer is 39.

Yesterday, Julie read 12 pages. Today, she

read 12 * 2 = 24 pages. So she read a total of
12 + 24 = 36 pages. Now she needs to read
120 - 36 = 84 more pages. She wants to read
half of the remaining pages tomorrow, so she
needs to read 84 / 2 = 42 pages tomorTow.
The answer is 42.

from Wang et al. (2023) Towards Understanding CoT Prompting ACL
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All of these areas are disconnected

Prompting strategy Structure for model training

DeepSeek-R1:

. . . g Capability in LLMs via
Chain-of-Thought Prompting Elicits Reasoning Reinforcement Learning

in Large Language Models

DeepSeck-Al

research@deepssek. con
JasonWei  Xuezhi Wang  Dale Schuurmans  Maarten Bosma

Brianlchter ~ FeiXia EAH.Chi  QuocV.Le DennyZhou

Tree of Thoughts: Deliberate Problem Solving
with Large Language Models Language Models Don’t Always Say What They Think:

Unfaithful Explanations in Chain-of-Thought
Prompting

Shunyu Yao fan Jeflrey Zhao Izhak Shafran
Princeton University  Google DeepMind  Google DecpMind  Google DecpMind

P — o oo Po—  Juam Michse,* Ethan Pere Samue R Bowman'
it e L M < irve ks Tl Mk Bln P Sy 2. 3
Structure for test-time inference Object for behavioral analysis

» Problem: All make different assumptions about what CoT is.



All of these areas are disconnected

Prompting strategy Structure for model training

DeepSeek-R1:

. . . g Capability in LLMs via
Chain-of-Thought Prompting Elicits Reasoning Reinforcement Learning

in Large Language Models

DeepSeck-Al

research@deepssek. con
JasonWei  Xuezhi Wang  Dale Schuurmans  Maarten Bosma

Brianlchter ~ FeiXia EAH.Chi  QuocV.Le DennyZhou

Tree of Thoughts: Deliberate Problem Solving

with Large Language Models ? Language Models Don’t Always Say What They Think:
H Unfaithful Explanations in Chain-of-Thought
< Prompting

Shunyu Yao fan Jeflrey Zhao Izhak Shafran
Princeton University  Google DeepMind  Google DecpMind  Google DecpMind

PircostUantty  GoogeDegind  Panoson Uammty. s Tupl ulan bl Bt o S - B>
Structure for test-time inference Object for behavioral analysis

» Problem: All make different assumptions about what CoT is.
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How can we unify these different areas?
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Making CoT a program
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Making CoT a program

(A) Chain-of-thought

Prompt: Could the members of The Police perform lawful
arrests? Think step-by-step.

LLM CoT Reasoning Trace:

The members of The Police were musicians. H
deps. none likelihood: 0.86 confidence: 0.7

Only law enforcement officers perform lawful arrests of

other people.
deps. none likelihood: 0.96  confidence: 0.90

Based on this, the answer is no. (answer: no) E
deps. s1, s2  likelihood: 0.53  confidence: 0.8
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Making CoT a program

(A) Chain-of-thought

Prompt: Could the members of The Police perform lawful
arrests? Think step-by-step.

LLM CoT Reasoning Trace:

The members of The Police were musicians. H
deps. none likelihood: 0.86 confidence: 0.7

Only law enforcement officers perform lawful arrests of
other people.
deps. none likelihood: 0.96  confidence: 0.90

Based on this, the answer is no. (answer: no) E
deps. s1, s2  likelihood: 0.53  confidence: 0.8

(B) Probabilistic Program

@CotProgParser ()
def ppO):
(P1: bool =~ Flip("stepi", 0.86, [0.71))

[P2: bool =~ Flip("step2", 0.96, [0.91)]

#+# observe(P2) ## Optional condition, set P2=True
if P1 and P2:

P3: bool =~ Flip("no", 0.53, [0.8])

yield P3 ## returns 'no" if P3 true, exception otherwise
else:

raise ValueError("Cannot establish P1 or P2")

## Program inference

# 0.4376

pp. inference(query={"no"}, compute_grad=True)

## param_grads=[('P2’, 0.455), ('P3, 0.825), ('P1’, 0.5087)]
Pp. inference (query={"ValueError"}) ## 0.5624
pp.inference(query={"no"}, use_conf=True) ## 0.501
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Making CoT a program

(A) Chain-of-thought

Prompt: Could the members of The Police perform lawful
arrests? Think step-by-step.

LLM CoT Reasoning Trace:

The members of The Police were musicians. u
deps. none likelihood: 0.86 confidence: 0.7

Only law enforcement officers perform lawful arrests of

other people.
deps. none likelihood: 0.96  confidence: 0.90

Based on this, the answer is no. (answer: no) E
deps. s1, s2  likelihood: 0.53  confidence: 0.8

Assumptions about T = (s1, ..., s,):

(B) Probabilistic Program

QCotProgParser ()
def ppO):
[P1: bool =~ Flip("stepi", 0.86, [0.71)]

P2: bool =~ Flip("step2", 0.96, [0.91)

## observe(P2) ## Optional condition, set P2=True
if P1 and P2:

P3: bool =~ Flip("no", 0.53, [0.8])

yield P3 ## returns "'no" if P3 true, exception otherwise
else:

raise ValueError("Cannot establish P1 or P2")

## Program inference
pp.inference(query={"no"}, compute_grad=True) ## 0.1376
## param_grads=[('P2’, 0.455), (‘P3’, 0.825), ('P1’, 0.5087)]

# 0.5624

pp-inference(query={"ValueError"})

pp.inference(query={"no"}, use_conf=True) ## 0.501

1. Steps s; are discrete objects, propositions; probabilistic (6).
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Prompt: Could the members of The Police perform lawful
arrests? Think step-by-step.

LLM CoT Reasoning Trace:
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confidence: 0.90
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Assumptions about T = (s1, ..., s,):
1. Steps s; are discrete objects, propositions; probabilistic (6).

2. Step dependencies are if-then control flow



Making CoT a program

(A) Chain-of-thought

Prompt: Could the members of The Police perform lawful
arrests? Think step-by-step.

LLM CoT Reasoning Trace:

The members of The Police were musicians. m
likelihood: 0.86  confidence: 0.7

deps. none

Only law enforcement officers perform lawful arrests of

other people.

likelihood: 0.96  confidence: 0.90

deps. none
Based on this, the answer is no. (answer: no) E
deps. s1, s2  likelihood: 0.53  confidence: 0.8

(B) Probabilistic Program

QCotProgParser ()
def ppO):
[P1: bool =~ Flip("stepi", 0.86, [0.71)]

P2: bool =~ Flip("step2", 0.96, [0.91)

## observe(P2) ## Optional condition, set P2=True
if P1 and P2:

P3: bool =~ Flip("no", 0.53, [0.8])

yield P3 ## returns 'no" if P3 true, exception otherwise
else:

raise ValueError("Cannot establish P1 or P2")

## Program inference

pp.inference(query={"no"}, compute_grad=True) ## 0.1376
# param_ grads=[('P2’, 0.455), ("P3’, 0.825), ("P1’, 0.5087)]
pp-inference(query={"ValueError"}) ## 0.5621

pp.inference(query={"no"}, use_conf=True) ## 0.501

Assumptions about T = (s1, ..., Sy):
1. Steps s; are discrete objects, propositions; probabilistic (6).
2. Step dependencies are if-then control flow
3. Answers are return values, reasoning failures are exceptions.



CoT as a probabilistic program

(B) Probabilistic Program (C) Probabilistic Queries

@CotProgParser ()
def ppQ):
[P1: bool =~ Flip("stepi”, 0.86, [0.71)]

P2: bool =~ Flip("step2", 0.96, [0.91)

## observe(P2) ## Optional condition, set P2=True

if P1 and P2:
P3: bool =~ Flip("no", 0.53, [0.8])
yield P3 ## returns "no" if P3 true, exception otherwise
else:
raise ValueError("Cannot establish P1 or P2")

## Program inference

pp.inference(query={"no"}, compute_grad=True) ## 0.1376
## param_ grads=[('P2’, 0.455), ('P3’, 0.825), ('P1’, 0.5087)
pp.inference(query={"ValueError"}) ## 0.5624

pp.inference(query={"no"}, use_conf=True) ## 0.504

P Questions about a CoT trace T become familiar probabilistic queries, e.g.,

marginals, sensitivities, conditionals, robustness as weight perturbations.



CoT as a probabilistic program

(B) Probabilistic Program (C) Probabilistic Queries

@CotProgParser ()
def ppQ):
[P1: bool =~ Flip("stepi”, 0.86, [0.71)]

Oiike. =
(0.86, 0.96, 0.53)
6" = (0.70, 0.90, 0.80)

P2: bool =~ Flip("step2", 0.96, [0.91)

## observe(P2) ## Optional condition, set P2=True

if P1 and P2: Ppp(return "no"; fixe.)
P3: bool =~ Flip("no", 0.53, [0.8])
yield P3 ## returns 'no” if P3 true, exception otherwise Lirpl{ e VENEE e G

else:
raise ValueError("Cannot establish P1 or P2")

#+# Program inference

pp.inference(query={"no"}, compute_grad=True) ## 0.1376
## param_grads=[('P2’, 0.455), ('P3’, 0.825), ("P1’, 0.5087)
pp.inference(query={"ValueError"}) ## 0.5624

pp.inference(query={"no"}, use_conf=True) ## 0.504

P Questions about a CoT trace T become familiar probabilistic queries, e.g.,
marginals, sensitivities, conditionals, robustness as weight perturbations.
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[P1: bool =~ Flip("stepi”, 0.86, [0.71)]
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What programming language do we need?
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The Copper Language: Syntax

CoT Concept Syntax

Steps are probabilistic Booleans 1‘ P =~ Flip(<str>, <p>)

. if < ition>:
Step dependencies are controls 1]if <bool condition

2 <new fact or answer branch v>
1| if <bool condition>:
. - 2 <new fact or answer branch v>

Reasoning Errors are Exceptions

3| else:

4 raise ValueError(<error>)
Answers are returns 1‘ return <answer output>
Conditions are observes l‘ observe (<bool condition e>)
Chains/answers can be unique 1 ‘ Ay,..,A, =~ Categorical(<pl, ..>)
Step scores can be aggregated 1‘ P =~ Factor(<str>, fn(pi,..., pPm))

P Discrete probabilistic programming, limited to discrete distributions and

Boolean variables, special features for step aggregation.



A simplified fragment of Dice

Scaling Exact Inference for Discrete Probabilistic Programs

STEVEN HOLTZEN, University of California, Los Angeles
GUY VAN DEN BROECK, University of California, Los Angeles
TODD MILLSTEIN, University of California, Los Angeles

Probabili ing (PPLs) are an expressive means of rep ing and ing about

b i models The computational chall of probabilistic inference remains the primary roadblock for
applymg PPLs in practice. Inference is fundamentally hard, so there is no one-size-fits all solution. In this
work, we target scalable i for an imp class of p i those whose probability

distributions are discrete. Discrete distributions are common in many fields, including text analysis, network
verification, artificial mtelhgenc& and graph analysis, but they prove to be challenging for existing PPLs.

‘We develop a domai ing language called Dice that features a new approach
to exact discrete probabxlnsnc program inference. D:ce cxpluns program structure in order to factorize inference,
enabling us to perform exact i on with hundreds of tk ds of random

variables. Our key technical contribution is a new reduction from discrete probabilistic programs to weighted
model counting (WMC). This reduction separates the structure of the distribution from its parameters, enabling
logical reasoning tools to exploit that structure for probabilistic inference. We (1) show how to compositionally
reduce Dice inference to WMC, (2) prove this compilation correct with respect to a denotational semantics,
(3) empirically demonstrate the performance benefits over prior approaches, and (4) analyze the types of
structure that allow Dice to scale to large probabilistic programs.
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The Copper Language: Query Computation

(A) Probabilistic Program

QCotProgParser ()
def ppQ):
P1: bool =~ Flip("s1", 0.86)
P2: bool =~ Flip("s2", 0.96)
if P1 and P2:
P3: bool =~ Flip("s3", 0.53)
if P3: return "no"
else: raise ValueError
else:
raise ValueError

(B) Reachability semantics

P1: bool =~ Flip("s1’, 0.86) |
F

T| o8 o

P2: bool =~ Flip("s2", 0.96) ‘/ra)se Val\laEr!er]
7| oo

P3: bool =~ Flip("s3", 0.53) (xa;se ValueError |
T

0
return

Vieturn "no" <> PLAP2AP3
Zetwrn fmo” T o7 2

guard rules

(rates VetweErrer
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The Copper Language: Query Computation

(A) Probabilistic Program

QCotProgParser ()
def ppQ):
P1: bool =~ Flip("s1", 0.86)
P2: bool =~ Flip("s2", 0.96)
if P1 and P2:
P3: bool =~ Flip("s3", 0.53)
if P3: return "no"
else: raise ValueError
else:
raise ValueError

» Encode programs as Boolean formulas:

Fi=" A (v<—> \/()g) E:=

g€Eguards(v

vEV{et

(B) Reachability semantics

P1: bool =~ Flip("s1’, 0.86) |
F

Tf o 0

P2: bool =~ Flip('s2", 0.96) ‘/rawse ValueError |
7| 0o

P3: bool =~ Flip("s3", 0.53)] |raise ValueError |

T

Veeturn "nov * PLAP2AP3
Zetwrn fmo” T o7 2

guard rules

(raise Vatuekerer

N e
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The Copper Language: Query Computation

(A) Probabilistic Program (B) Reachability semantics
@CotProgParser () oG ”f)‘
def ppQ): ! S
P1: bool =~ Flip("si", 0.86) P2i bool =~ Flip('s2", 0.96)] |raise ValueError |
P2: bool =~ Flip("s2", 0.96) M .
P3: bool =~ Flip("s3", 0.53)] |raise Va]\leErrch

if P1 and P2:
P3: bool =~ Flip("s3", 0.53)
if P3: return "no"

T

——t

else: raise ValueError Vreturn "nov <+ PLAP2AP3

else: guard rules

raise ValueError

» Encode programs as Boolean formulas:

F:= /\ (v<—> \/(v)g) E:= /\ e

VEV (et g Eguards| e€evidence

with query g probabilities computed as:

WMC(FAEAg; 6)

Pr(a B0 = <onicrre; 9)
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The Copper Language: Query Computation

(A) Probabilistic Program (B) Reachability semantics
@CotProgParser () EE il = X, M:”
def ppQ): T oI~ )
P1: bool =~ Flip("si", 0.86) P2: bool =~ Flip("s2", 0.96) ‘\ra)se ValusError |
P2: bool =~ Flip("s2", 0.96) T' ~
P3: bool =~ Flip("s3", 0.53) “ra)se ValueError

if P1 and P2:
P3: bool =~ Flip("s3", 0.53)
if P3: return "no"

return "no" | [ raise ValueError

else: raise ValueError Veeturn "non <> PLAP2AP3
else: guard rules

raise ValueError

P Exact WMC inference via circuits (pySDD):

13



Other compilation based approaches

Inference and Learning in Probabilistic Logic
Programs using Weighted Boolean Formulas

DAAN FIERENS, GUY VAN DEN BROECK, JORIS RENKENS,
DIMITAR SHTERIONOV, BERND GUTMANN, INGO THON,
GERDA JANSSENS, LUC DE RAEDT
Department of Computer Science

U Leuven
Celestijnenlaan 200A, 3001 Heverlee, Belgium
(e-mail: FirstNane.LastNane@cs . kuleuven.be)

submitted 26 June 2012; revised 04 January 2013; accepted 07 March 2013

Abstract

Probabilistic logic programs are logic programs in which some of the facts are annotated
with probabilities. This paper investigates how classical inference and learning tasks known
from the graphical model community can be tackled for probabilistic logic programs.
Several such tasks such as computing the marginals given evidence and learning from
(partial) interpretations have not really been addressed for probabilistic logic programs
before.

The first contribution of this paper is a suite of efficient algorithms for various inference
tasks. It is based on a conversion of the program and the queries and evidence to a weighted
Boolean formula. This allows us to reduce the inference tasks to well-studied tasks such
as weighted model counting, which can be solved using state-of-the-art methods known
from the graphical model and knowledge compilation literature. The second contribution
is an algorithm for parameter estimation in the learning from interpretations setting.
The algorithm employs Expectation Maximization, and is built on top of the developed
inference algorithms.

The proposed approach is experimentally evaluated. The results show that the infer-
ence i improve upon the state-of-t| tin ilistic logic ing anc
that it is indeed possible to learn the parameters of a probabilistic logic program from
interpretations.
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What can we do with this simple language?

13



Distilling LLM computations to probabilistic programs

#+# Answer 1
P; =~ Flip(s;, 61)

P, =~ Flip(s,, 6n)
if P; and --- and Pj:
return a

else:

raise ValueError (’Error’)
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Distilling LLM computations to probabilistic programs

#+# Answer 1

CoT trace Py =~ Flip(s1, 01)

Ta:(Sh...’Sn)
P, =~ Flip(s,, 0,)

if P; and --- and Pj:
return a
else:

raise ValueError (’Error’)




Distilling LLM computations to probabilistic programs

CoT trace

T2 = (s1,.-

-, 5n)

#+# Answer
P; =~ Flip(s;, 61)

P, =~ Flip(s,, 6n)

if P; and --- and Pj:
return a

else:

raise ValueError (’Error’)

LLM weighting
0 =Prm(sils<), Q)
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Distilling LLM computations to probabilistic programs

## Answer 1
CoT trace Py =~ Flip(s1, 61) LLM weighting
T2 =(s1,...,5n) 0 =Prm(sils<), Q)
P, =~ Flip(s,, 0n)
if P; and --- and Pj:
return a
else:

raise ValueError(’Error’)

P The probability of not raising an exception is equal to the LLM's CoT
likelihood, i.e.,

Py (—raise ValueError; 6) = Pa(T7 | Q)

14



Distilling LLM computations to probabilistic programs

CoT trace
T2 = (519"'75n)

#+# Answer
P; =~ Flip(s;, 61)

P, =~ Flip(s,, 6n)

if P; and --- and Pj:
return a

else:

raise ValueError (’Error’)

Correspondingly,

— log P, (— raise ValueError; 6)

LLM weighting
0 =Prm(sils<), Q)

is equal to the negative log-likelihood loss, giving semantics to the

standard training loss.
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Modeling multiple traces

T2 = (s1,1,---,51,n)

To% = (SK,1,- -5 Sk,n,)

(A) Independent branches

if P;3 and --- and Py
return aj

elif Py 3 and --- and Py, :
return ay

else:

raise ValueError

P11 =~ Flip(s11, 01,1) ---
Pi,ny =r~ FliP(Sl,nl, Gl,nl)

Py =~ Flip(si1, k1) -+
Pi,n =~ Flip(sk,nk: gk,nk)

(B) Categorical branching

Aj,...,Ar,—A =~ Categorical(

prod(61,.),...,prod(f ),

1 - (prod(f,.)+ - - +prod(fy.))
)
if Ap: return aj ---
elif Ax: return aj
else: raise ValueError
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Modeling multiple traces

T2 = (s1,1,---,51,n)

To% = (SK,1,- -5 Sk,n,)

(A) Independent branches

if P;3 and --- and Py

return aj

elif Py 3 and --- and Py, :

return ay
else:
raise ValueError

P11 =~ Flip(sizi, 611) ---
Piny =~ FliP(Sl,nl, Gl,nl)

Py =~ Flip(si1, k1) -+
Pi,n =~ Flip(sk,nk: Gk,nk)

(B) Categorical branching
Aj,...,Ar,—A =~ Categorical(
prod(61,.),...,prod(f ),
1 - (prod(f,.)+ - - +prod(fy.))
)
if Ap: return aj ---
elif Ax: return aj
else: raise ValueError

P Here : Pyp(— raise ValueError; §) models

A: the probability that the LLM produces at least one k chain;
B: their total probability mass.
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Modeling multiple traces

T2 = (s1,1,---,51,n)

To% = (SK,1,- -5 Sk,n,)

(A) Independent branches

=~ Flip(sy1, 01,1) ---
=~ Flip(si,n > 61,n,)

=~ Flip(sk1, Ok1) -
Pi,n =~ Flip(sk,nk: Gk,nk)

(B) Categorical branching

Aj,...,Ar,—A =~ Categorical(

if P;3 and --- and Py

return ap prod(61,.),...,prod(f ),

1 - (prod(f,.)+ - - +prod(fy.))

elif Py and --- and Py, : )

return ag if A;p: return a3 ---
else: elif Ax: return ay

raise ValueError else: raise ValueError
Special case: when a; = ... = ay, (B) finitely approximates the standard

CoT generative model (Dohan et al.2022), self-consistency (Wang et al.2022):

Pet(A] Q)= Pm(AT|Q)

15



Standard CoT computations fall out as special cases

15



note: We know how to do these computations
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Going from programs to LLM computations

Likelihood PA
Py =~ Flip(si, 61) ---
P, =~ Flip(s,, 6,)

if P; and --- and P,:

return a

16



Going from programs to LLM computations

Likelihood PP

Py =~ Flip(si, 61) ---

P, =~ Flip(s,, 0,)

if P; and --- and P,:

return a

distill

]P’pp(Plx-'an) ]PM(Tal Q)
fully factorized model  the (complex) LLM

likelihood = Ppyp(return a; 6)

16



Going from programs to LLM computations

Likelihood PP

Py =~ Flip(si, 61) ---

P, =~ Flip(s,, 0,)

if P; and --- and P,:

return a

]P’pp(Plx-'an) ]PM(Tal Q)
fully factorized model  the (complex) LLM

likelihood = Ppyp(return a; 6)
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Going from programs to LLM computations

Likelihood Px

Py =~ Flip(si, 61) ---

P, =~ Flip(s,, 0,)

if P; and --- and P,:

return a

Modified Py

Py =~ Flip(si, 61) ---

P, =~ Flip(s,, 0,)

if Py or -+ or P,:

return a
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Going from programs to LLM computations

Likelihood Px

Py =~ Flip(si, 61) ---

P, =~ Flip(s,, 0,)

if P; and --- and P,:

return a

return a <—= P A --- A Py

Modified Py

Py =~ Flip(si, 61) ---

P, =~ Flip(s,, 0,)

if Py or -+ or P,:

return a

return a <—= Py V---V P,
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Going from programs to LLM computations

Likelihood Px

Py =~ Flip(si, 61) ---

P, =~ Flip(s,, 0,)

if P; and --- and P,:

return a

return a <—= P A --- A Py

Modified Py
P1 =rv Flip(sl, 91)
P, =~ Flip(s,, 6,)

if Py or -+ or P,:

return a

return a <= Py V---V P,

» Since (PrA---APy) E(PLV -V P,), monotonicity of WMC gives

Pum(T? | Q) = Pa(return a; 0) < Py(return a; 6)
—_———

likelihood

i.e., the disjunction is an upper bound on the likelihood.
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Going from programs to LLM computations

Likelihood Px

Py =~ Flip(si, 61) ---

P, =~ Flip(s,, 0,)

if P; and --- and P,:

return a

Modified P\,

k

P1 =~ Flip(si, 61) ---

P, =~ Flip(s,, 6,)
#+ at least k hold
assert sum(Pi, ..

return a

t Pn) 2 k
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Going from programs to LLM computations

Likelihood P, Modified P,
P; =~ Flip(si, 61) --- P; =~ Flip(si, 61) ---
P, =~ Flip(s,, 60,) P, =~ Flip(s,, 6,)
## at least k hold
if P; and --- and Py: assert sum(Py, ..., P,) > k
return a return a

P Let U := Py, (at least k of n hold); then

U > U > > U =Pu(T|Q)
~—~ ~—~
A\ N

a hierarchy of upper bounds tightening to the likelihood.
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Going from programs to LLM computations

Likelihood P, Modified P,
P; =~ Flip(si, 61) --- P; =~ Flip(si, 61) ---
P, =~ Flip(s,, 60,) P, =~ Flip(s,, 6,)
k =~ Categorical(y)
if P; and --- and Py: assert sum(Py, ..., P,) > k
return a return a

Making the threshold k ~ Categorical(y) a random variable makes it
learnable — learning ¢ is just inference in the same program.

16



We can learn lots about LLMs from simple PPs,
PP inference is also often cheaper

16



How much reasoning can we do using just a
single forward call?
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Probabilistic Programs of Thought (curg et a120)

GSMBk Problem (input): A class of 200 students is split into 3 groups such that
2 of them are equal in number and the last one (which is the smallest) is 10 less than
each. of the other groups. How many students are in this (smallest) group?

LLM Code Solution (LLM generation)

1 def compute_answer () : Code sampled from LLM

2 total_students = 2 0 @ distribution Py(-), with

3 smallest_group = (total_students @1 @) // 3 high entropy key tokens
return smallest_group (darker shade, higher entropy)

Probabilistic Program | (token analysis)

L%~ categoricalu( [ L)) | Key toketis| are made into

2 def conpute_ansuer () random variables X; to pro-

B total_students = [X12 Xj5X{s duce a probabilistic program

s smallast group = (fotal students Xo3 Xai Xa3) Yo7 Mas from the initial solubion.
return smallest_group

New samples % (probabilistic inference)
o) T TN New solutions are efficiently

total_students = 200 total_students = 200
ainesyronns snallest groum = sampled from the probabilistic
s (total_students - 20) // 3 (total_students + 10) // 3 program without additional

s retun sallest_growp return snallest._group LLM generations.
v X
Figure 1: A probabilistic program of thought can sample a correct program from an
incorrect program of thought. An LLM generated program is equipped with probability
distributions parameterized from the logits of the LLM; select tokens are treated as random
variables X;, turning the code into a probabilistic program.

P Define a probabilistic program over LLM logits, use to cheaply obtain new

samples, as a proposal distribution for importance sampling.



Ch - Tree of Thoughts (ToT)
-Thought
(CoT)

from a chain .

].l'lpl.lt Branching out P A \ from a chain

|

|
}

|

Output
Intermediate
- thoughts are
m' thought, exploring also scored
LLM thoughts it further, and possibly
o oner backtracking from it

from Besta et al. (2023) Graph of Thoughts AAAI
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Multi-answer chain-of-thought

P Idea: Generate multiple chains-of-thought in a single forward pass, use
likelihood, other direct feedback to find the best answer.

18



Multi-answer chain-of-thought

P Idea: Generate multiple chains-of-thought in a single forward pass, use
likelihood, other direct feedback to find the best answer.

Instruction: Please answer each question thinking step-by-step. Rather than giving
a single answer, however, | want you to express different possible reasoning paths.
Number your steps and identify step dependencies.

Query: Would a sea kayak fit into a normal car?

Example Trace (Llama-3.3-70B-turbo-instruct) 1. A sea kayak is typically around
14-18 feet long 2. Most cars have a maximum interior length of around 6-8 feet 3.
Based on 1 and 2, the answer is: no (ref. 1, 2) (final answer: no) 4. Some cars
have roof racks that can carry long items like kayaks 5. Alternatively, based on 4, the
answer is: yes (ref. 4) (final answer: yes)

Step likelihoods Ojikelihood (length normalized) (for no) P1 0.839 P2 0.99 P3 0.951.
(for yes) P4 0.921 P5 0.92

Program sketch: if P1 and P2 and P3: return "no"

elif P4 and P5: return "yes"
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Multi-answer chain-of-thought

P Idea: Generate multiple chains-of-thought in a single forward pass, use
likelihood, other direct feedback to find the best answer.

Instruction: Please answer each question thinking step-by-step. Rather than giving
a single answer, however, | want you to express different possible reasoning paths.
Number your steps and identify step dependencies.

Query: Would a sea kayak fit into a normal car?

Example Trace (Llama-3.3-70B-turbo-instruct) 1. A sea kayak is typically around
14-18 feet long 2. Most cars have a maximum interior length of around 6-8 feet 3.
Based on 1 and 2, the answer is: no (ref. 1, 2) (final answer: no) 4. Some cars
have roof racks that can carry long items like kayaks 5. Alternatively, based on 4, the
answer is: yes (ref. 4) (final answer: yes)

Step likelihoods Ojikelihood (length normalized) (for no) P1 0.839 P2 0.99 P3 0.951.
(for yes) P4 0.921 P5 0.92

Program sketch: if P1 and P2 and P3: return "no"

elif P4 and P5: return "yes"

Problem: branching likelihoods programs are confounded by length,

mean support is rarely matched by raw likelihood.
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Multi-answer chain-of-thought

P Idea: Generate multiple chains-of-thought in a single forward pass, use
likelihood, other direct feedback to find the best answer.

Instruction: Please answer each question thinking step-by-step. Rather than giving
a single answer, however, | want you to express different possible reasoning paths.
Number your steps and identify step dependencies.

Query: Would a sea kayak fit into a normal car?

Example Trace (Llama-3.3-70B-turbo-instruct) 1. A sea kayak is typically around
14-18 feet long 2. Most cars have a maximum interior length of around 6-8 feet 3.
Based on 1 and 2, the answer is: no (ref. 1, 2) (final answer: no) 4. Some cars
have roof racks that can carry long items like kayaks 5. Alternatively, based on 4, the
answer is: yes (ref. 4) (final answer: yes)

Step likelihoods Ojikelihood (length normalized) (for no) P1 0.839 P2 0.99 P3 0.951.
(for yes) P4 0.921 P5 0.92

Program sketch: if P1 and P2 and P3: return "no"

elif P4 and P5: return "yes"

P Introduced a new construct for aggregation scores using more expressive
differentiable operators, [0,1]" — [0, 1]

F: bool =~ Factor("aggr", f(P1, P2, P3))
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Have we discovered a new SOTA variant of CoT?
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Deriving new prompting strategies from first principles

(A) Multi-answer Chain-of-thought

Query Q: Would a sea kayak fit into a normal car? Think step-by-step
LLM CoT Reasoning Trace (single forward call)

ce: 04)

For yes (LLM verbal cor

A sea Kayak can vary in size, but some fit into larger vehicles. ...

al

[Some cars, especially SUVS, have foldable scats and ample space.

[If the Kayak is small and the car large enough, it might fit. .. ...

[Based on this, the answer is: yes (answer)

For no (LLM verbal confidence: 0.7)

aa

Sea kayaks are typically 12-18 feet long. . .
Most cars cannot handle such long objects. . v o

Even with foldable seats, a kayak exceeds interior space. 1. 1.
Based on this, the answer is: no (answer)

P Bayesian multi-answer CoT: inverts the structure of CoT (a, s1, .., Sn),

(B) Copper Program

A: bool =~ Categorical('yes" ,comsise (yes, 10))

P1:

o[p2: v
»3: 98)
EY: bool =~ Factor("yes_E",iegitrool (P1, P2, P3))
P5: bool 0.831)
P6: bool 0.733)
P7: bool 76)
EN: bool

W:uee)(PS P6, PT))
observe((h and EY) or ((act &) and EV)

{1 A: return "yes®

else: return "no"

(C) Probabilistic model
Oy = (0.4,0.7)
* Poror(4 | Q3 0\t
Bunetinoos = (
0.642,0.595,0.698,
0.831,0.733,0.676,
)

# Povisene (T | 4, @ 0fue)

> Pposeror(A | T, Q; Ol ixe.)

aggregates step scores, combines LLM likelihood with verbal feedback.
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Deriving new prompting strategies from first principles

(A) Multi-answer Chain-of-thought

Query Q: Would a sea kayak fit into a normal car? Think step-by-step
LLM CoT Reasoning Trace (single forward call)

ce: 04)

For yes (LLM verbal cor

A sea Kayak can vary in size, but some fit into larger vehicles. ...

al

[Some cars, especially SUVS, have foldable scats and ample space.

[If the Kayak is small and the car large enough, it might fit. .. ...

[Based on this, the answer is: yes (answer)

For no (LLM verbal confidence: 0.7)

aa

Sea kayaks are typically 12-18 feet long. . .
Most cars cannot handle such long objects. . v o

Even with foldable seats, a kayak exceeds interior space. 1. 1.
Based on this, the answer is: no (answer)

P Bayesian multi-answer CoT: inverts the structure of CoT (a, s1, .., Sn),

(B) Copper Program

A: bool =~ Categorical('yes" ,comsise (yes, 10))

P1:

o[p2: v
»3: 98)
EY: bool =~ Factor("yes_E",iegitrool (P1, P2, P3))
P5: bool 0.831)
P6: bool 0.733)
P7: bool 76)
EN: bool

W:uee)(PS P6, PT))
observe((h and EY) or ((act &) and EV)

{1 A: return "yes®

else: return "no"

(C) Probabilistic model
Oy = (0.4,0.7)
* Poror(4 | Q3 0\t
Bunetinoos = (
0.642,0.595,0.698,
0.831,0.733,0.676,
)

# Povisene (T | 4, @ 0fue)

> Pposeror(A | T, Q; Ol ixe.)

aggregates step scores, combines LLM likelihood with verbal feedback.
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Deriving new prompting strategies from first principles

(A) Multi-answer Chain-of-thought (B) Copper Program (C) Probabilistic model
Query Q: Would a sea kayak fit into a normal car? Think step-by-step

1| yes: bool =~ FLip("
LLM CoT Reasoning Trace (single forward call) +2| 0 bool =~ F1ip(*n

n
A: bool =~ Categorical("yes",combine (yes, n0)) Pprior(4 | Q3 0\crpw)

O = (0.4,0.7)

For yes (LLM verbal conf

(A sea kayak can vary in size, but some fit ino larger vehicles. . ) ‘

[Some cars, especially SUVs, have foldable scais and ample space. - 1) } St = (05,0695,
[IF the Kayak is small and the car large enough, it might fit. 1. ... .. ) 698) 0.831,0.733,0.676,
[Based on this, the answer is: yes (answer) o ‘ N JBEESI(P1, P2, P3))| | )

Formo (LM dence: 07) 0 Proan(T | 4,Gi0)
Sea Kayaksare typicaly 12-18 fet long. o

Most cars cannot handle such long objects. " o . iseL (P, PS, PT))

Even with foldable seats, a kayak exceeds interior space. a ¢ V) or o> i 0>

Based on this, the answer is: no (answer) o | Ponsci (A | T, QiU i)

P Bayesian multi-answer CoT: inverts the structure of CoT (a, s1, .., Sn),

aggregates step scores, combines LLM likelihood with verbal feedback.

Looked at program robustness, robustness of verbal vs. likelihood
feedback, the reusability of CoTs across models.
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Deriving new prompting strategies from first principles

(A) Multi-answer Chain-of-thought (B) Copper Program (C) Probabilistic model
Query Q: Would a sea kayak fit into a normal car? Think step-by-step oo
LLM CoT Reasoning Trace (single forward call) bt St = (0-4,0.7)

For yes (LLM verbal confidence: 0.4 ‘ A bool Pre(4| Qi i)

A sea kayak can vary in size, but some fit into larger vehicles. . ) it

(Some cars, especially SUVs, have foldable seats and ample space. o } o|P2: boo1 595,0.698,
[If the Kayak is small and the car large enough, it might it . .. . ) b (2 733,0.676,
[Based on this, the answer is: yes (answer) o ‘ o|Er e

For no (LLM verbal confidence: 0.7) I bool 0.831) Pevidence(T | 4, Q; 0y )
Sea kayaks are typically 12-18 feet long. o )

Most cars cannot handle such long objects. =] \ o_E" Lagiewssi(P5, P6, PT))

Even with foldable seats, a kayak exceeds interior space. a © ((aot ) and 1))

Based on this, the answer is: no (answer) B | returm Tves Prosrio (4 | T, Qi Orctu )

P Bayesian multi-answer CoT: inverts the structure of CoT (a, s1, .., Sn),

aggregates step scores, combines LLM likelihood with verbal feedback.

Findings: models reason robustly over CoTs from much weaker models.

Solves it alone Reasons over
Task Qwen (small)  Llama (large) Qwen’s CoTs (Llama)
BoolQ 69.5 90.8 90.6
StrategyQA 45.7 67.6 68.0

19



Deriving new prompting strategies from first principles

(A) Multi-answer Chain-of-thought (B) Copper Program (C) Probabilistic model
Query Q: Would a sea kayak fit into a normal car? Think step-by-step

s s gaeaian e oot — mutperur, 0.0 s = 0.4,0.7)
For yes (LLM verbal confidence: 0.4) A: bool =~ Categorical("yes",combina (yes, n0))

A sea kayak can vary in size, but some fit into larger vehicles. ... ) ‘ —

(Some cars, especially SUVs, have foldable seats and ample space. o } 4| p2: boo1

[If the kayak is small and the car large enough, it might it .. .. o b (2

[Based on this, the answer is: yes (answer) -] ‘ i o

For no (LLM verbal confidence: 0.7) 10| PS: bool 0.831) P (T | 4,Qi )
Sea kayaks are typically 12-18 feet long. o 1| e woor ggfz;

Most cars cannot handle such long objects. o | B, ogitrasi (PS, PS, PT))

Even with foldable seats, a kayak exceeds interior space. ¢ (ot ) and EN))

Based on this, the answer is: no (answer) B | returm Tves Proserior(4 | T, @i Pl )

P Bayesian multi-answer CoT: inverts the structure of CoT (a, s1, .., Sn),

aggregates step scores, combines LLM likelihood with verbal feedback.

Findings: verbalized probabilities are as robust as (or better than) raw logits.

Model Pure Logit step Verb step Pure

Verbalized  + verb prior  + logit prior  Logits
GPT-40 78.19 77.97 73.40 73.40
Qwen-2.5-7B 65.03 65.38 50.88 51.16

Llama-3.3-70B 76.71 76.42 70.58 69.95




PP offers many new empirical directions to explore
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Conclusions and questions

» Proposed viewing much of LLM development as a form of high level

programming, language model programming, helpful for semantics.

» Discussed a particular example language for prompting and

chain-of-thought, looking forward:
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Conclusions and questions

» Proposed viewing much of LLM development as a form of high level

programming, language model programming, helpful for semantics.

» Discussed a particular example language for prompting and

chain-of-thought, looking forward:

P Lots of room for making the language more expressive (e.g.,
iteration, numbers, functions, ...), extending to more complex
reasoning phenomena (e.g., agents), constructs for formal
verification, ...

P Important point: The issue in LLM modeling is understanding what the

computations mean, not how to do them.
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Questions

=

Nice connection between CoT and Probabilistic Programming, but the

tractability and circuits are not so crucial for that

Official Review by Reviewer VtKw & 02 Jul 2026, 16:22 (modified: 13 Aug 2026, 18:52) ® Everyone
Kl Revisions
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Questions

E Nice connection between CoT and Probabilistic Programming, but the
tractability and circuits are not so crucial for that

Official Review by Reviewer Vtkw @& 02 Jul 2026, 16:22 (modified: 13 Aug 2026, 18:52) @ Everyone
Kl Revisions

Questions:

P s all of this indeed irrelevant for the TPM community?

Can we characterize the circuit / TPM classes relevant to LLM
computation?

P Should we care about these kinds of special cases?

21



Thank you.
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