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language models
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Large language models as general-purpose reasoners

Traditional learning coupled with in-context leaning (no parameter
updates, just new examples in input).
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In-context learning: learning through examples
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In-context learning: learning through examples

Instruction

Examples

simulate

ChatGPT

as

example behavior

Traditional learning coupled with in-context leaning (no parameter
updates, just new examples added to input)
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Language models as part of complex systems

ChatGPT

Model
generated
code 

Code
execution 
tool

Can we
leverage these
tools to help
automate and
drive scientific
discovery? 
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Language models as part of complex systems

ChatGPT

Model
generated
code 

Code
execution 
tool

Language
models with
tools. How to
build such
systems?
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Problems are still easy to find

Models can be wildly inconsistent, hallucinate, prompting is unstable
(different results based on small changes).

5



Problems are still easy to find

Models can be wildly inconsistent, hallucinate, prompting is unstable
(different results based on small changes).

5



Problems are still easy to find

Models can be wildly inconsistent, hallucinate, prompting is unstable
(different results based on small changes).

5



Problems are still easy to find

6



The scale of models today

Large Language Model 
(LLM)Dataset

query: Please tell me about
the Tübingen AI center....

...

prompting 

Open Language Model (OLMo) project, models and data for full
transformer training; ensure competitiveness with commercial LLMs.
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The scale of models today

Large Language Model 
(LLM)Dataset

query: Please tell me about
the Tübingen AI center....

...

prompting 

Trillions of tokens

~3 trillion token pre-training corpus

▸ Open Language Model (OLMo) project (Groeneveld et al., 2024), open-source
models, datasets, tools for LLMs, (Soldaini et al., 2024; Magnusson et al., 2023)
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My research agenda

Large Language Model 
(LLM)Dataset

query: Please tell me about
the Tübingen AI center....

...

prompting 

Trillions of tokens Billions of parameters

Central theme What do models know? How can we verify their
correctness and reliability?
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My research agenda

Large Language Model 
(LLM)Dataset

query: Please tell me about
the Tübingen AI center....

...

prompting 

Trillions of tokens Billions of parameters

General themes: New open resources, programming paradigms and
testing techniques for large language models.
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My research agenda

Large Language Model 
(LLM)Dataset

query: Please tell me about
the Tübingen AI center....

...

prompting 

Trillions of tokens Billions of parameters

programming paradigms: frameworks for using and developing complex
systems with LLMs, making their internal behavior more transparent.
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General theme for today

Large Language Model 
(LLM)Dataset

query: Please tell me about
the Tübingen AI center....

...

prompting 

Trillions of tokens Billions of parameters

Model Programming: Building high-level programs on top of language
models.
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“programming” models
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Modular modeling: breaking problems into simple parts

Model

query: Please tell me about the Tübingen AI center including naming
some of its core faculty, the number of core faculty, ....

Model
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Modular modeling: breaking problems into simple parts

Model

query: Please tell me about the Tübingen AI center including naming
some of its core faculty, the number of core faculty, ....

input: What is the Tübingen AI center? 

output: The Tübingen AI center is a ....

input: Find me the website of the .... 

 output: 

input: Does the description on the
website match description above? 

output: yes

input: Find me the faculty page on the.. 

......
.....

input: sum(['Philipp Berens',...])

output: 16
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Modular modeling: breaking problems into simple parts

Model

query: Please tell me about the Tübingen AI center including naming
some of its core faculty, the number of core faculty, ....

Decomposition

structured answer
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Modular modeling: breaking problems into simple parts

Model

query: Please tell me about the Tübingen AI center including naming
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Decomposition
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Controller

M2

T1

models

tools

...

T2 ...

specification of how components interact 
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Frameworks for modular modeling

Model

query: Please tell me about the Tübingen AI center including naming
some of its core faculty, the number of core faculty, ....

Decomposition

structured answerM1

Controller

M2

T1

models

tools

...

T2 ...

specification of how components interact 

▸ Frameworks: text modular networks [NAACL21], breakpoint
transformers [EMNLP2022], decomposed prompting [ICLR23]
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Frameworks for modular modeling

Model

query: Please tell me about the Tübingen AI center including naming
some of its core faculty, the number of core faculty, ....

Decomposition

structured answerM1

Controller

M2

T1

models

tools

...

T2 ...

specification of how components interact 

Research questions: what is the controller language, how do systems
interact, how does inference and search work? Application-driven.
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Frameworks for modular modeling

Model

query: Please tell me about the Tübingen AI center including naming
some of its core faculty, the number of core faculty, ....

Decomposition

structured answerM1

Controller

M2

T1

models

tools

...

T2 ...

specification of how components interact 

paragraph QA, commonsense reasoning [EMNLP22], argumentation
modeling [*SEM22], narrative understanding [EMNLP22].
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A common feature of these frameworks

Model

query: Please tell me about the Tübingen AI center including naming
some of its core faculty, the number of core faculty, ....

Decomposition

structured answerM1

Controller

M2

T1

models

tools

...

T2 ...

estimate or tune
from interaction?

uncertainty
estimation

Often, designed for inference-time reasoning with frozen models; doesn’t
account for learning or model tuning, a limitation.
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Text Modular Networks (TMNs)
▸ Small modeling language and search framework, inference-time

reasoning with plug-and-play (frozen) models and tools (Khot et al., 2021, 2022)

Simplifier

Calc

QA

https://modularqa-demo.apps.allenai.org/

QA

Controller

Simplifier

Calculator

specialized models

Improved explanation quality Improved training efficiency
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Decomposed Prompting: Modular Prompting

▸ TMN-style modeling language for prompting (Khot et al., 2023), alternative to
advanced prompting strategies, chain-of-thought (CoT) (Wei et al., 2022).

Prompt sub-routines 

Primitives for iteration

Top-level prompt

Much improved generalization over CoT, effective with smaller
models.
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What’s the bigger picture?
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What’s the bigger picture?

Model

query: Please tell me about....

Decomposition

M1

Controller

M2

T1

models

tools

...

T2 ...

M1

T1
M2

M3

T2

Structured Imperative Program

Controller

▸ What is the relationship between modular modeling and structured
programming? Next generation of programming languages with LLMs.
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What’s the bigger picture?

M1

T1
M2

M3

T2

Structured Imperative Program

ControllerLMQL

General-purpose (imperative) programming languages exist for LLMs and
prompting (Beurer-Kellner et al., 2023), PL semantics + LLM algorithms.
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Different kinds of model programming

▸ Model Programming: The problem of how modeling components are
assembled, how they interact, and the language of how this is specified.

M1

T1
M2

M3

T2
M2T1

M3

M1

M1 T2

M2

Imperative Style Declarative Style

Paradigm Basic Units Applications
imperative models as subroutines, for/while

loops, recursion, if-then control
structure building, combining
LLMs w/ tools, explanation.

declarative models predictions as symbolic
objects, logical constraints

probabilistic reasoning, learning,
self-correction, consistency.
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Declarative Model Programming
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Declarative Modeling: Predictions as Propositions

M

inference
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Declarative Modeling: Predictions as Propositions

M

propositions
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Declarative Modeling: Predictions as Propositions

M

proposition weight
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Declarative Modeling: Predictions as Propositions
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Declarative Modeling: Programs as constraints on
predictions

Prediction
symmetries 

negative
information
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Declarative Modeling: Programs as constraints on
predictions

predictions
across
models

M1 M2

models

...M1 M2

models

...
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Declarative Modeling: Inference and Learning

....

M1 M2
models

...M1 M2
models

...Data
predictions 

Inference

model program Controller

Used probabilistic reasoning for correcting LLM beliefs and inconsistencies
[EMNLP23], efficient in practice via SAT technology.
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Declarative Modeling: Inference and Learning

....

M1 M2
models

...M1 M2
models

...Data
predictions 

Learning 

model program Controller

Known and efficient techniques for compiling symbolic expressions into
loss, model-counting based (Xu et al., 2018) and fuzzy logic (Li et al., 2019).
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Declarative Modeling: Inference and Learning

....

M1 M2
models

...M1 M2
models

...Data
predictions 

Learning 

model program Controller

small LMs

modelLog 

(Forthcoming) A declarative programming language (modelLog), used for
learning systems on top of frozen LLMs, calibration, consistency training.
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Understanding the semantics of learning

....

compilation

symbolic expression loss function

weighted model counting
fuzzy soft logic 

Finding symbolic expressions that compile into known loss functions,
better understand these losses, derive new ones from first principles.
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Understanding the semantics of learning

DPO
(preference learning for LLMs)derivation

symbolic expression loss function

weighted model counting
fuzzy soft logic 

▸ Finding symbolic expressions that compile into known loss functions,
better understand these losses, derive new ones from first principles.
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Declarative and neuro-symbolic modeling

▸ Many technical topics related to efficient inference, systems for compiling
logic to loss; ESSLLI course 2023-2024.
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Conclusion

▸ Much of what we do in NLP can be viewed as a kind of programming,
model programming. Useful both conceptually and technically:

Imperative style: modeling with tools, building more transparent
models, advanced prompting.

Declarative style: modeling with constraints, integrating learning
and probabilistic reasoning, correcting model errors.
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Thank You
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