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General purpose large language models (LLMs)

Response

Prompt

▶ General purpose models: trained at massive scales, used as-is and
directly for a wide range of problems.
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General purpose large language models (LLMs)

Response

Prompt

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

Models have far exceeded expectations
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Language models as agent simulators

LLMs as agents in  competitive
environments, games

▶ 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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Language models as agent simulators

LLMs as agents in  competitive
environments, games

Valuable tool for running social science experiments, testing theories of
language interaction, complex reasoning, adversarial language experts.
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Language models as part of complex systems

ChatGPT

Model
generated
code 

Machine
learning
experiment

Experiment automation 

▶ Automated research (Bogin et al.2024; Yu et al.2026) and general agentic
benchmarking (Bragg et al.2026).
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Language models as part of complex systems, agents

(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.
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A tool for scientific discovery (Yu et al.2026), automated experiment
execution, helping non-experts engage in research.

Lots of optimism, hubris, Nobel prizes....
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A tool for scientific discovery (Yu et al.2026), automated experiment
execution, helping non-experts engage in research.

Missing semantic and algorithmic foundations.
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How do we get to general-purpose LLMs? recipe

Pre-training

unlabeled
corpus

pre-trained LM

Instruction
tuning 

Task data
(prompt,output)

fine-tuned LM

Preference
tuning 

human preferences
(prompt, ranked

preference) 

aligned LM

General
Purpose LM

prompting

response 

user

ChatGPT

produces produces produces

Training models
to generate text

Training models
on target tasks

Training models to
have human-like
preferences
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Open model development: Olmo

https://huggingface.co/collections/allenai/olmo-3
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The landscape of generative AI research: Foundations

Pre-training

unlabeled
corpus

pre-trained LM

produces

Training models
to generate text

Model architectures 

▶ Model architecture design: what kinds of problems can specific
architectures (e.g., transformers) express? Are there clear limitations?

6



The landscape of generative AI research: Foundations

Pre-training

unlabeled
corpus

pre-trained LM

produces

Training models
to generate text

Next-token prediction 

▶ Pre-training and evaluation: Why is next-token prediction such an
effective signal and how do we effectively measure model knowledge?
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The landscape of generative AI research: Alignment

~

Preference
tuning 

human preferences
(prompt, ranked

preference) 

aligned LM

produces

Training models to
have human-like
preferences

Loss function design

▶ Loss design: What do we do when we train models to preferences? Does
the optimization have an internal logic?
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The landscape of generative AI research: Alignment

What do these computations mean?
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The landscape of generative AI research: Inference

General
Purpose LM

prompting

response 

AI System Design

Test-time inference

▶ Test-time inference: What kinds of reasoning structures do LLMs build?
How can we know if the reasoning is correct and sound?

6



The landscape of generative AI research: Inference

General
Purpose LM

prompting

response 

AI System Design

Test-time inference

LLM Agents

▶ Test-time inference: What kinds of reasoning structures do LLMs build?
How can we know if the reasoning is correct and sound?
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The landscape of generative AI research: Inference

LLMs build structures, what are these structures?
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The landscape of generative AI research: Inference

How are all these areas connected to one another?
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Programming languages for LLM research

Pre-training

unlabeled
corpus

pre-trained LM

produces

Training models
to generate text

Restricted Access Sequence Processing Language (Rasp)  

Figure: B-rasp for computing Dyck-1.  

▶ 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).
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Programming languages for LLM research

Pre-training

unlabeled
corpus

pre-trained LM

produces

Training models
to generate text

ModelLog

▶ Declarative-style probabilistic programs, probabilistic logic, takes much
inspiration from PLP (De Raedt and Kimmig2015; Fierens et al.2015; Manhaeve et al.2018).
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Programming languages for LLM research

Preference
tuning 

human preferences
(prompt, ranked

preference) 

aligned LM

produces

Training models to
have human-like
preferences

Declarative Loss Function Design

▶ Declarative-style probabilistic programs, probabilistic logic, takes much
inspiration from PLP (De Raedt and Kimmig2015; Fierens et al.2015; Manhaeve et al.2018).
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Programming languages for LLM research

Languages provide a rich, declarative semantics
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Programming languages for LLM research

General
Purpose LM

prompting

response 

AI System Design

CopperLMQL

▶ 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).
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Programming languages for LLM research

General
Purpose LM

prompting

response 

AI System Design

PLP

▶ Modeling message passing, score aggregation in forecasting agents, LLM
soft scoring; problog (De Raedt et al.2007; Dries et al.2015).
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Programming languages for LLM research

Tractable Language Model Programming
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Language Model Programming

▶ LM programming: The study and design of languages for specifying,
composing and reasoning about LLM computations.
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Tractable Language Model Programming
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Tractable Language Model Programming

Loss function design (Richardson et al.2025)

Test-time inference (Garg et al.2026)

Prompting (Richardson et al.2026b)

Pre-training evaluation (Richardson et al.2026a)

Agentic modeling (Cheng et al.2026)

▶ Tractable LM Programming: languages designed for exact, tractable
probabilistic and logical inference.

8



Tractable Language Model Programming

Loss function design (Richardson et al.2025)

Test-time inference (Garg et al.2026)

Prompting (Richardson et al.2026b)

Pre-training evaluation (Richardson et al.2026a)

Agentic modeling (Cheng et al.2026)

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

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?
▶ Originally a prompting strategy that first asks models to think

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

E.g.,

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

LLM CoT Reasoning Trace:

The members of The Police were musicians. s1

Only law enforcement officers perform lawful arrests of other people. s2

Based on this, the answer is no. (answer: no) s3
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What is chain-of-thought?
▶ Originally a prompting strategy that first asks models to think

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

E.g.,

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

LLM CoT Reasoning Trace:

The members of The Police were musicians. s1

Only law enforcement officers perform lawful arrests of other people. s2

Based on this, the answer is no. (answer: no) s3

where a trace T = (s1, ..., sn) consisting of

▶ A sequence of thoughts si ∼ PM(· | s<i,Q).
▶ A final answer A ∼ PM(· | T, Q).
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What is chain-of-thought?
▶ Originally a prompting strategy that first asks models to think

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

E.g.,

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

LLM CoT Reasoning Trace:

The members of The Police were musicians. s1

Only law enforcement officers perform lawful arrests of other people. s2

Based on this, the answer is no. (answer: no) s3

Producing CoT is just decoding: A, T ∼ PM(· | Q)
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Chain-of-thought is everywhere! It is a:

Prompting strategy Structure for model training

Structure for test-time inference Object for behavioral analysis

? ?

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

Prompting strategy Structure for model training

Structure for test-time inference Object for behavioral analysis

? ?

?

from Ho et al. (2023) Large Language Models are Reasoning Teachers ACL
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Chain-of-thought is everywhere! It is a:

Prompting strategy Structure for model training

Structure for test-time inference Object for behavioral analysis

? ?

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

Prompting strategy Structure for model training

Structure for test-time inference Object for behavioral analysis

? ?

?

from Besta et al. (2023) Graph of Thoughts AAAI
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Chain-of-thought is everywhere! It is a:

Prompting strategy Structure for model training

Structure for test-time inference Object for behavioral analysis

? ?

?

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

Structure for test-time inference Object for behavioral analysis

? ?

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

Prompting strategy Structure for model training

Structure for test-time inference Object for behavioral analysis

? ?

?

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

Structure for test-time inference Object for behavioral analysis

? ?

?

▶ Problem: All make different assumptions about what CoT is.
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All of these areas are disconnected

Prompting strategy Structure for model training

Structure for test-time inference Object for behavioral analysis

? ?

?

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

How can we unify these different areas?
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Making CoT a program

(B) Probabilistic Program

1 @CotProgParser()
2 def pp():
3 P1: bool =∼ Flip("step1", 0.86, [0.7])
4
5 P2: bool =∼ Flip("step2", 0.96, [0.9])

6 ## observe(P2) ## Optional condition, set P2=True
7
8 if P1 and P2:
9 P3: bool =∼ Flip("no", 0.53, [0.8])

10 yield P3 ## returns "no" if P3 true, exception otherwise
11 else:
12 raise ValueError("Cannot establish P1 or P2")
13
14 ## Program inference
15 pp.inference(query={"no"}, compute_grad=True) ## 0.4376
16 ## param_grads=[(’P2’, 0.455), (’P3’, 0.825), (’P1’, 0.5087)]
17 pp.inference(query={"ValueError"}) ## 0.5624
18 pp.inference(query={"no"}, use_conf=True) ## 0.504

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

1. Steps sj are discrete objects, propositions; probabilistic (θ).
2. Step dependencies are if-then control flow
3. Answers are return values, reasoning failures are exceptions.
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CoT as a probabilistic program

(B) Probabilistic Program

1 @CotProgParser()
2 def pp():
3 P1: bool =∼ Flip("step1", 0.86, [0.7])
4
5 P2: bool =∼ Flip("step2", 0.96, [0.9])

6 ## observe(P2) ## Optional condition, set P2=True
7
8 if P1 and P2:
9 P3: bool =∼ Flip("no", 0.53, [0.8])

10 yield P3 ## returns "no" if P3 true, exception otherwise
11 else:
12 raise ValueError("Cannot establish P1 or P2")
13
14 ## Program inference
15 pp.inference(query={"no"}, compute_grad=True) ## 0.4376
16 ## param_grads=[(’P2’, 0.455), (’P3’, 0.825), (’P1’, 0.5087)]
17 pp.inference(query={"ValueError"}) ## 0.5624
18 pp.inference(query={"no"}, use_conf=True) ## 0.504

(C) Probabilistic Queries

θlike. =
(0.86, 0.96, 0.53)

θ′ = (0.70, 0.90, 0.80)

E = {P2}

Ppp(return "no"; θlike.)

Ppp(raise ValueError; θlike.)

∂ Ppp(return "no"; θlike.)
∂ θlike.

Ppp(return "no"; θ′)
(new)

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

1. Steps sj are discrete objects, propositions; probabilistic (θ).
2. Step dependencies are if-then control flow
3. Answers are return values, reasoning failures are exceptions.

▶ Questions about a CoT trace T become familiar probabilistic queries, e.g.,
marginals, sensitivities, conditionals, robustness as weight perturbations.
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CoT as a probabilistic program

(B) Probabilistic Program
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2 def pp():
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4
5 P2: bool =∼ Flip("step2", 0.96, [0.9])

6 ## observe(P2) ## Optional condition, set P2=True
7
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10 yield P3 ## returns "no" if P3 true, exception otherwise
11 else:
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13
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differentiable
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Assumptions about T = (s1, ..., sn):

1. Steps sj are discrete objects, propositions; probabilistic (θ).
2. Step dependencies are if-then control flow
3. Answers are return values, reasoning failures are exceptions.

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>)

Step dependencies are controls 1 if <bool condition>:
2 <new fact or answer branch v>

Reasoning Errors are Exceptions
1 if <bool condition>:
2 <new fact or answer branch v>
3 else:
4 raise ValueError(<error>)

Answers are returns 1 return <answer output>

Conditions are observes 1 observe(<bool condition e>)

Chains/answers can be unique 1 A1,..,An =∼ Categorical(<p1, ..>)

Step scores can be aggregated 1 P =∼ Factor(<str>, fm(p1, ..., pm))

▶ Discrete probabilistic programming, limited to discrete distributions and
Boolean variables, special features for step aggregation.

A simplified fragment of Dice
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The Copper Language: Query Computation
(A) Probabilistic Program

1 @CotProgParser()
2 def pp():
3 P1: bool =∼ Flip("s1", 0.86)
4 P2: bool =∼ Flip("s2", 0.96)
5 if P1 and P2:
6 P3: bool =∼ Flip("s3", 0.53)
7 if P3: return "no"
8 else: raise ValueError
9 else:

10 raise ValueError

(B) Reachability semantics
P1: bool =∼ Flip("s1", 0.86)

P2: bool =∼ Flip("s2", 0.96) raise ValueError

P3: bool =∼ Flip("s3", 0.53) raise ValueError

return "no" raise ValueError

T 0.86

T 0.96

T 0.53

F
0.14

F
0.04

F
0.47

vreturn "no" ↔ P1 ∧ P2 ∧ P3︸ ︷︷ ︸
guard rules

Other compilation based approaches
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v∈Vdet
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v ↔

∨
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g
)
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∧

e∈evidence
e
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∧
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(
v ↔

∨
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g
)

E :=
∧
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e

with query q probabilities computed as:

PF(q | E; θ) = WMC(F∧E∧q; θ)
WMC(F∧E; θ)

Other compilation based approaches
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▶ Exact WMC inference via circuits (pySDD):
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What can we do with this simple language?
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Distilling LLM computations to probabilistic programs

1 ## Answer 1
2 P1 =∼ Flip(s1, θ1)

· · ·
3 Pn =∼ Flip(sn, θn)
4 if P1 and · · · and Pn:
5 return a
6 else:
7 raise ValueError(’Error’)

CoT trace
Ta = (s1, . . . , sn)

LLM weighting
θj = PM(sj |s<j , Q)
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· · ·
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4 if P1 and · · · and Pn:
5 return a
6 else:
7 raise ValueError(’Error’)

CoT trace
Ta = (s1, . . . , sn)

LLM weighting
θj = PM(sj |s<j , Q)

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

Ppp(¬ raise ValueError; θ) = PM(Ta | Q)
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Distilling LLM computations to probabilistic programs

1 ## Answer 1
2 P1 =∼ Flip(s1, θ1)

· · ·
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4 if P1 and · · · and Pn:
5 return a
6 else:
7 raise ValueError(’Error’)

CoT trace
Ta = (s1, . . . , sn)

LLM weighting
θj = PM(sj |s<j , Q)

Correspondingly,
− log Ppp(¬ raise ValueError; θ)

is equal to the negative log-likelihood loss, giving semantics to the
standard training loss.
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Modeling multiple traces
1 P1,1 =∼ Flip(s1,1, θ1,1) · · ·
2 P1,n1 =∼ Flip(s1,n1 , θ1,n1 )

· · ·
3 Pk,1 =∼ Flip(sk,1, θk,1) · · ·
4 Pk,nk =∼ Flip(sk,nk , θk,nk )

Ta1 = (s1,1, . . . , s1,n1 )

Tak = (sk,1, . . . , sk,nk )

(A) Independent branches
5 if P1,1 and · · · and P1,n1 :
6 return a1

· · ·
7 elif Pk,1 and · · · and Pk,nk :
8 return ak
9 else:

10 raise ValueError

(B) Categorical branching
5 A1,. . .,Ak,¬A =∼ Categorical(
6 prod(θ1,:),. . .,prod(θk,:),
7 1 - (prod(θ1,:)+· · · +prod(θk,:))
8 )
9 if A1: return a1 · · ·

10 elif Ak: return ak
11 else: raise ValueError
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6 prod(θ1,:),. . .,prod(θk,:),
7 1 - (prod(θ1,:)+· · · +prod(θk,:))
8 )
9 if A1: return a1 · · ·

10 elif Ak: return ak
11 else: raise ValueError

▶ Here : Ppp(¬ raise ValueError; θ) models

A: the probability that the LLM produces at least one k chain;
B: their total probability mass.
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10 elif Ak: return ak
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Special case: when a1 = ... = ak , (B) finitely approximates the standard
CoT generative model (Dohan et al.2022), self-consistency (Wang et al.2022):

PCoT(A | Q) =
∑

T

PM(A, T | Q)
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Standard CoT computations fall out as special cases

15



Modeling multiple traces
1 P1,1 =∼ Flip(s1,1, θ1,1) · · ·
2 P1,n1 =∼ Flip(s1,n1 , θ1,n1 )

· · ·
3 Pk,1 =∼ Flip(sk,1, θk,1) · · ·
4 Pk,nk =∼ Flip(sk,nk , θk,nk )

Ta1 = (s1,1, . . . , s1,n1 )

Tak = (sk,1, . . . , sk,nk )

(A) Independent branches
5 if P1,1 and · · · and P1,n1 :
6 return a1

· · ·
7 elif Pk,1 and · · · and Pk,nk :
8 return ak
9 else:

10 raise ValueError

(B) Categorical branching
5 A1,. . .,Ak,¬A =∼ Categorical(
6 prod(θ1,:),. . .,prod(θk,:),
7 1 - (prod(θ1,:)+· · · +prod(θk,:))
8 )
9 if A1: return a1 · · ·
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note: We know how to do these computations
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Going from programs to LLM computations

Likelihood P∧
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2 Pn =∼ Flip(sn, θn)

3 if P1 or · · · or Pn :
4 return a

return a ⇐⇒ P1 ∨ · · · ∨ Pn

▶ Since (P1 ∧ · · · ∧ Pn) |= (P1 ∨ · · · ∨ Pn), monotonicity of WMC gives

PM(Ta | Q)︸ ︷︷ ︸
likelihood

= P∧(return a; θ) ≤ P∨(return a; θ)

i.e., the disjunction is an upper bound on the likelihood.
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Modified P∨k

1 P1 =∼ Flip(s1, θ1) · · ·
2 Pn =∼ Flip(sn, θn)
3 ## at least k hold
4 assert sum(P1, . . ., Pn) ≥ k
5 return a

▶ Let Uk := P∨k (at least k of n hold); then

U1︸︷︷︸
∨

≥ U2 ≥ · · · ≥ Un︸︷︷︸
∧

= PM(Ta | Q)

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

Likelihood P∧

1 P1 =∼ Flip(s1, θ1) · · ·
2 Pn =∼ Flip(sn, θn)

3 if P1 and · · · and Pn:
4 return a

Modified P∨k

1 P1 =∼ Flip(s1, θ1) · · ·
2 Pn =∼ Flip(sn, θn)
3 k =∼ Categorical(φ)
4 assert sum(P1, . . ., Pn) ≥ k
5 return a

Making the threshold k ∼ Categorical(φ) a random variable makes it
learnable — learning φ is just inference in the same program.
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Going from programs to LLM computations

Likelihood P∧

1 P1 =∼ Flip(s1, θ1) · · ·
2 Pn =∼ Flip(sn, θn)

3 if P1 and · · · and Pn:
4 return aWe can learn lots about LLMs from simple PPs,

PP inference is also often cheaper
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Going from programs to LLM computations

Likelihood P∧

1 P1 =∼ Flip(s1, θ1) · · ·
2 Pn =∼ Flip(sn, θn)

3 if P1 and · · · and Pn:
4 return aHow much reasoning can we do using just a

single forward call?
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Probabilistic Programs of Thought (Garg et al.2026)

▶ Define a probabilistic program over LLM logits, use to cheaply obtain new
samples, as a proposal distribution for importance sampling.
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Probabilistic Programs of Thought (Garg et al.2026)

▶ Define a probabilistic program over LLM logits, use to cheaply obtain new
samples, as a proposal distribution for importance sampling.from Besta et al. (2023) Graph of Thoughts AAAI
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Multi-answer chain-of-thought
▶ 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, I 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 θlikelihood (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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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 θlikelihood (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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▶ Idea: Generate multiple chains-of-thought in a single forward pass, use

likelihood, other direct feedback to find the best answer.
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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 θlikelihood (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"

▶ Introduced a new construct for aggregation scores using more expressive
differentiable operators, [0, 1]n → [0, 1]

F: bool =∼ Factor("aggr", f (P1, P2, P3))
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▶ Idea: Generate multiple chains-of-thought in a single forward pass, use
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(for yes) P4 0.921 P5 0.92
Program sketch: if P1 and P2 and P3: return "no"
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Have we discovered a new SOTA variant of CoT?
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Deriving new prompting strategies from first principles

▶ Bayesian multi-answer CoT: inverts the structure of CoT (a, s1, ..., sn),
aggregates step scores, combines LLM likelihood with verbal feedback.
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Deriving new prompting strategies from first principles

▶ 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

▶ 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
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Deriving new prompting strategies from first principles

▶ 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
Verbalized

Logit step
+ verb prior

Verb step
+ logit prior

Pure
Logits

GPT-4o 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
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Deriving new prompting strategies from first principles

▶ Bayesian multi-answer CoT: inverts the structure of CoT (a, s1, ..., sn),
aggregates step scores, combines LLM likelihood with verbal feedback.

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:

▶ 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, ...

▶ Important point: The issue in LLM modeling is understanding what the
computations mean, not how to do them.
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Questions

Questions:
▶ Is all of this indeed irrelevant for the TPM community?
▶ Can we characterize the circuit / TPM classes relevant to LLM

computation?
▶ Should we care about these kinds of special cases?
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Thank you.
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