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LLMs are Ubiquitous

LLMs are Ubiquitous
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What is Reasoning?

What is Reasoning?

Task-1: Paris is the capital of ______

Task-2: If Alice is taller than Bob and Bob is taller than Carol, 

who is shortest?

The ability to draw new, consistent conclusions from known 

facts: going beyond simple recall or pattern-matching
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• Fact 2 (deduced): The animal is a bird

Abduction (guess the case):
• Rule: If an animal is a robin, then it is a bird

• Fact 2: The animal is a bird

• Fact 1 (abduced): This animal might be a robin

Induction (learn the rule):
• Fact 1: Animal A is a robin and is a bird

• Fact 1’: Animal B is a robin and is a bird

• Rule (induced): All robins are birds

Deduction applies rules

Abduction guesses causes

Induction discovers rules

Deduction gives certainty

Abduction gives plausible 

guess

Induction gives probability
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Today’s Talk

➢ Reasoning

➢ Chain-of-Thought reasoning

➢ Test-time scaling

➢ Intro to Tools and Agentic Reasoning

➢ Evaluation

➢ Efficient deployment and inference optimization
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What “past” modern reasoning 
looked like?

Clarke et. al, From 'F' to 'A' on the N.Y. Regents Science Exams: An Overview of the Aristo Project, AI Magazine 2020 

Which object in our solar system reflects 

light  and is a satellite that orbits around 

one planet?

(A) Moon (B) Earth (C) Mercury (D) Sun
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What “past” modern reasoning 
looked like?

Select a small, coherent set of OpenIE tuples that jointly 
connect the question to exactly one answer option.

Decision variables 

(all binary)

x_q ∈ {0,1} Ques term q participates in reasoning

x_t ∈ {0,1} Tuple t is selected

x_f ∈ {0,1} Tuple field (subj / pred / obj) is used

x_a ∈ {0,1} Answer option a is selected

x_e ∈ {0,1} Alignment edge (q f or f a) is used

Objective

Prefer strong alignments and good 

coverage of important question terms
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What “past” modern reasoning 
looked like?

Select a small, coherent set of OpenIE tuples that jointly 
connect the question to exactly one answer option.

For answer Moon, the ILP selects:
• Active answer:

• xₐ(Moon) = 1
• Active tuples:

• xₜ(t₁) = 1 (Moon reflects light)
• xₜ(t₃) = 1 (Moon orbits one planet)

• Active alignments:
• reflects predicate(t₁)
• orbits predicate(t₃)
• planet object(t₃)
• subject(t₁), subject(t₃) Moon

Why other answers lose
• Earth: has “orbits”, but no tuple supporting “reflects 
light”
• Sun: reflects light? no; orbits one planet? no
• Mercury: incomplete coverage
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What “past” modern reasoning 
looked like?

Clarke et. al, From 'F' to 'A' on the N.Y. Regents Science Exams: An Overview of the Aristo Project, AI Magazine 2020 
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Climbing the ladder from statistical methods 
to Transformer based architectures for Reasoning

Clarke et. al, From 'F' to 'A' on the N.Y. Regents Science Exams: An Overview of the Aristo Project, AI Magazine 2020 
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Language models kept getting BIGGER!

18



“Emergence” in LLMs

19

“Emergence is when quantitative changes in a system 

result in qualitative changes in behavior.”

- Philip Anderson, 1972

For LLMs, “an ability is emergent if it is not present in 

smaller models but is present in larger models.”
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Caveat Emptor: Emergence requires Scale

21
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Reasoning Algorithms to Reasoning Models
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Why Large Reasoning Models (LRMs)?

Why Large Reasoning Models (LRMs)?

Problem solved??
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Open Challenges: Cost & Sustainability

Energy Use: ~2% of global 

electricity and emissions, projected to 

reach ~8% by 2030 (Crawford, 2021; 

IEA, 2025)

Most costs come from inference

OpenAI O3 costs ~1000 USD per task 

on certain benchmarks 



Reliance: More users blindly rely on LLM outputs 

Open Challenges: Reliability



Reliance: More users blindly rely on LLM outputs 

“The mere knowledge 
of advice being 

generated by an AI

causes people to 
over-rely on it”, 

Klingbeil et at,. 2024

Open Challenges: Reliability



Reliance: More users blindly rely on LLM outputs 

Reliability: Larger and more instructable models 

are proving less reliable.

“The mere knowledge 
of advice being 

generated by an AI

causes people to 
over-rely on it”, 

Klingbeil et at,. 2024 (Zhou et al., 2024)

Base 

models

Instruction 

fine-tuned

A
v

o
id

a
n

c
e

Open Challenges: Reliability



Reliance: More users blindly rely on LLM outputs 

Reliability: Larger and more instructable models 

are proving less reliable.

“The mere knowledge 
of advice being 

generated by an AI

causes people to 
over-rely on it”, 

Klingbeil et at,. 2024 (Zhou et al., 2024)

Base 

models

Instruction 

fine-tuned

A
v

o
id

a
n

c
e

In
c

o
rr

e
c

tn
e

s
s

Open Challenges: Reliability



A
v

o
id

a
n

c
e

In
c

o
rr

e
c

tn
e

s
s

Open Challenges: Reliability



Towards “Reliable” LLM Reasoning
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Where did it all start?



Let’s think step by step!

32



Chain-of-Thought (CoT) Prompting
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Abrakadabra vs. Let’s think step by step
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Reasoning paths naturally exist within pre-trained 

LLMs but obscured by greedy decoding
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CoT and token probabilities
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Answer confidence dramatically increases when the 

sample hits a proper CoT path
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Making CoT Faithful via Code

46
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52

Let the model generate 
multiple answers and the 
answer that is generated most 
often will be the final answer.

The bigger the N, the
bigger the performance
Boost (test-time scaling)

Simplest possible way to improve through test time scaling
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The current landscape of Reasoning Algorithms
Self-refine: refinement through own feedback
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Compared to self-consistency, we change the prompt iteratively
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There are two types of verifiers that we will explore:

● Outcome Reward Models (ORM)

● Process Reward Models (PRM)
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Combining ORM & PRM

(weighted Best-of-N)



An example: Tree-of-Thoughts (ToT)

62
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Program-based Tools
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Types of tools
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The Agentic AI Framework
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FoA improves how LLM-based 

agents reason

The first use of genetic-style 

particle filtering for navigating 

reasoning spaces in LLM-based agents

A plug-and-play runtime that 

works with existing LLMs, with no need 

for retraining

5% better results at only 35% of 

the cost compared to top-performing 

methods

Potamitis et al. Fleet of Agents: Coordinated Problem Solving with Large Language Models. ICML 2025
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Potamitis et al. Fleet of Agents: Coordinated Problem Solving with Large Language Models. ICML 2025
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FOA enables smaller models to obtain comparable

or even better performance than larger ones

~2x

~7x

Results

FoA achieves the 

best cost-quality trade-off

Potamitis et al. Fleet of Agents: Coordinated Problem Solving with Large Language Models. ICML 2025
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Metrics for reasoning traces

We can either have supervised scorers on these aspects 

or use LLM as a judge which is more expensive



Metrics for reasoning traces

Evaluating the quality of reasoning traces

https://arxiv.org/pdf/2502.12289v1
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Main limitation: Scaling issues

Long-horizon reasoning, 

the space of possible chains grow 

huge and so sampling enough paths 

becomes infeasible
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Existing Approaches

● Internal token logits (Kadavath et al., 2022)

Main limitation: Versatility

Does not work well on models that have

been finetuned for a specific purpose,

such as RLHF policies
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Existing Approaches

● Verbalized confidence scores as a part of the response

Main limitation: Reliability

Reliability of the method is greatly

influenced by prompts

Quantifying the Uncertainty of a Model

Quantifying the Uncertainty of a Model
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Our Approach

● Repeat experiments multiple times

● Analyze variability across runs as a measure of uncertainty

Response-caching powered experimentation ( Part-3 of this talk)

● Enables fair, reproducible, and low-cost experimentation

Agentic AI library

● We build an extensive agentic library for reasoning frameworks

ReasonBench

Potamitis et al. ReasonBENCH: Benchmarking the (In)Stability of LLM Reasoning. arXiv preprint 2025
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Analysis: Robustness to prompts

Prompt refinements improve 

quality but not stability
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• For FoA, quality scales positively 

with cost across all benchmarks

• ReAct exhibits a consistent 

negative slope, indicating 

diminishing returns at higher costs

• GoT doesn’t follow any uniform 

pattern, cost-quality trade-off varying 

substantially by task.
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Increasing reasoning effort yields non-monotonic 

and statistically insignificant quality gains
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Relative deviation from average performance across 

reasoning models and strategies

A summarized view

Potamitis et al. ReasonBENCH: Benchmarking the (In)Stability of LLM Reasoning. arXiv preprint 2025
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The “Agentic AI” Library for Reasoning

Broad coverage: Reasoning frameworks and 

benchmarks
Fair prompts: Reuses prompts across frameworks 

when possible
Efficient by design: Fully asynchronous and Cache-

Saver friendly

Extensibility: Easy to add new frameworks or 
benchmarks

Evaluation ready: Built-in logging and evaluation 
tools

Open-source: Already available with plans to be 
extended

https://reasonbench.github.io
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➢ Efficient deployment and inference optimization
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Open Challenges: Cost & Sustainability

Rising costs: Training costs are 

doubling every nine months

Energy Use: ~2% of global 

electricity and emissions, projected to 

reach ~8% by 2030 (Crawford, 2021; 

IEA, 2025)

Most costs come from inference

OpenAI O3 costs ~1000 USD per task 

on certain benchmarks 
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Train smaller models!

Compression can reduce inference cost of 
deploying models!
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Compression improves the model’s 

performance given a test-time budget!



128

How is compression done?



Methods overview
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Approach Improvement in memory 
footprint

Improvement in 
inference time

Pruning

Quantization

Knowledge 
distlilation

Speculative 
deocding
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Case study: distliBERT
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Methods overview
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Approach Improvement in memory 
footprint

Improvement in 
inference time

Pruning Y/N Y/N

Quantization Yes Yes

Knowledge 
distlilation

Yes… Yes…

Speculative 
deocding

No Yes
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reuse and faster execution, as exemplified by Compiler-Directed Computation Reuse

● Software development: Utilizing pre-existing software libraries and components to build new 

applications, preventing the need to reinvent solutions

LLM inference is no different

15% of LLM queries are duplicates

174

How to tame the beast?

How to tame the beast?



Question answering

Question answering

Who is older President Trump or President Biden? Is President Trump fit to hold office?

Unique state Duplicate state



Question answering

Question answering

Who is older President Trump or President Biden? Is President Trump fit to hold office?

Lookup Biden’s

age: 82

Possible factors: 

- Age

- Citizenship

- Residency

Unique state Duplicate state



Question answering

Question answering

Who is older President Trump or President Biden? Is President Trump fit to hold office?

Lookup Biden’s

age: 82

Possible factors: 

- Age

- Citizenship

- ResidencyLookup Trump’s

age: 79

Unique state Duplicate state



Question answering

Question answering

Who is older President Trump or President Biden? Is President Trump fit to hold office?

Search continues independently

Lookup Biden’s

age: 82

Possible factors: 

- Age

- Citizenship

- ResidencyLookup Trump’s

age: 79

Conclusion

Unique state Duplicate state
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Hyperparameter tuning

Benchmarking

Ablation analysis

LLM as a judge

Retrieval augmented generation (RAG)

Multi-agent systems

LLM Reasoning
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About 65% prompt reuse in real-world LLM reasoning workloads
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KV-Caching as the most common trick: previously computed key–value pairs from 

past tokens are stored and reused, so the model doesn’t have to recompute them at every 

step

Most of the current LLM efficiency systems rely on KV-Caching along with other 

optimizations such as pre-fetching and improved ways of performing self attention

Problems:
• Requires access to the model

• Cannot work with API-based LLMs

• Overhead (memory)
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● Paged Attention: Manages KV cache 

much like an OS manages virtual memory
○ KV Cache offloading: Moves KV caches 

from GPU memory to CPU when they’re 

not immediately needed

○ Fixed sized blocks rather than 

contiguous allocations

○ Dynamic block allocation: Non-

contiguous storage allows for dynamic 

allocation and de-allocation for varying 

sequence lengths

○ Shared memory blocks across different 

requests within the same batch

○ Speculative decoding to further speed-

up inference.
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Plug and play: Easy to integrate

Response caching: Reuse full model outputs; Not memory heavy

Cache on the Client side: Can be used anywhere

Statistical integrity: No Impact on the expected 

behavior of the model (i.i.d responses)

Potamitis et al. Cache Saver:A Modular Framework for Efficient, Affordable, and Reproducible LLM Inference. EMNLP 2025

Easier said than done
First universal 

client-side optimization





What CacheSaver is not!

Not a new model, inference engine, or KV-caching 

technique

Not competing with systems like vLLM, SGLang, or paged 

attention→ it complements them

Not a low-level optimization → it mediates between the 

model and the user



CacheSaver
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194

 Namespace-aware Caching: The secret sauce Reproducibility + Statistical correctness 

Namespace-aware Caching: The secret sauce
Reproducibility + Statistical correctness 

Potamitis et al. Cache Saver: A Modular Framework for Efficient, Affordable, and Reproducible LLM Inference. EMNLP 2025



client = CacheSaver(OpenAI())

client.chat.completions.create(

messages="Give me the best city.”, n=3)

# Output: Aarhus, Paris, Shanghai

client.chat.completions.create(

messages="Give me the best city.”, n=2)

# Output: Rome, Tokyo

client = OpenAI()

client.chat.completions.create(

messages="Give me the best city.”, n=3)

# Output: Aarhus, Paris, Shanghai

client.chat.completions.create(

messages="Give me the best city.”, n=2)

# Output: Tokyo, Vienna

client = OpenAI()

client.chat.completions.create(

messages="Give me the best city.”, n=5)

# Output: Sydney, Paris, New York, Tokyo, Warsaw

194

NS1

 Namespace-aware Caching: The secret sauce Reproducibility + Statistical correctness 

Namespace-aware Caching: The secret sauce
Reproducibility + Statistical correctness 

Potamitis et al. Cache Saver: A Modular Framework for Efficient, Affordable, and Reproducible LLM Inference. EMNLP 2025



client = CacheSaver(OpenAI())

client.chat.completions.create(

messages="Give me the best city.”, n=3)

# Output: Aarhus, Paris, Shanghai

client.chat.completions.create(

messages="Give me the best city.”, n=2)

# Output: Rome, Tokyo

client = OpenAI()

client.chat.completions.create(

messages="Give me the best city.”, n=3)

# Output: Aarhus, Paris, Shanghai

client.chat.completions.create(

messages="Give me the best city.”, n=2)

# Output: Tokyo, Vienna

client = OpenAI()

client.chat.completions.create(

messages="Give me the best city.”, n=5)

# Output: Sydney, Paris, New York, Tokyo, Warsaw

194

NS1

 Namespace-aware Caching: The secret sauce Reproducibility + Statistical correctness 

Namespace-aware Caching: The secret sauce
Reproducibility + Statistical correctness 

No reuse within a namespace!

Potamitis et al. Cache Saver: A Modular Framework for Efficient, Affordable, and Reproducible LLM Inference. EMNLP 2025



client = CacheSaver(OpenAI())

client.chat.completions.create(

messages="Give me the best city.”, n=3)

# Output: Aarhus, Paris, Shanghai

client.chat.completions.create(

messages="Give me the best city.”, n=2)

# Output: Rome, Tokyo

client = OpenAI()

client.chat.completions.create(

messages="Give me the best city.”, n=3)

# Output: Aarhus, Paris, Shanghai

client.chat.completions.create(

messages="Give me the best city.”, n=2)

# Output: Tokyo, Vienna

client = OpenAI()

client.chat.completions.create(

messages="Give me the best city.”, n=5)

# Output: Sydney, Paris, New York, Tokyo, Warsaw

client = CacheSaver(OpenAI())

client.chat.completions.create(

messages="Give me the best city.”, n=5)

# Output: Aarhus, Paris, Shanghai, Rome, Tokyo

194

NS1

NS2

 Namespace-aware Caching: The secret sauce Reproducibility + Statistical correctness 

Namespace-aware Caching: The secret sauce
Reproducibility + Statistical correctness 

No reuse within a namespace!

Full reuse across namespaces!

Potamitis et al. Cache Saver: A Modular Framework for Efficient, Affordable, and Reproducible LLM Inference. EMNLP 2025



CacheSaver for Reasoning

CacheSaver for Reasoning

Potamitis et al. Cache Saver: A Modular Framework for Efficient, Affordable, and Reproducible LLM Inference. EMNLP 2025



CacheSaver for Reasoning

CacheSaver for Reasoning

• ~35% carbon emission savings

• Up to ~5x times savings in select scenarios

• Quality remains statistically indistinguishable

• ~25% cost savings (in USD)

Potamitis et al. Cache Saver: A Modular Framework for Efficient, Affordable, and Reproducible LLM Inference. EMNLP 2025
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# Client Initialisation

client = OpenAI()

# Generate a response

response =

client.chat.completions.create(

messages=...,

n=...,

temperature=...,)

pip install cachesaver
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Plug & Play: All of this with a single-line change!!

# Client Initialisation

client = OpenAI()

# Generate a response

response =

client.chat.completions.create(

messages=...,

n=...,

temperature=...,)

!pip install CacheSaver

# Client Initialisation

client = CacheSaver(OpenAI())

# Generate a response

response =

client.chat.completions.create(

messages=...,

n=...,

temperature=...,)

One-Line Change!

pip install cachesaver
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Statistically indistinguishable quality

Lower cost: Up to ~75% cost savings (in USD)

Lower energy consumption: Up to ~80% carbon 

emission savings (in gm)

Faster execution: 4x reduction in latency

Reproducibility: ensures perfect replay of experiments

Plug-and-play: Support for all major LLM providers

Reduction in LLM Usage Bill: 10K USD so far!!

Takeaways

https://cachesaver.github.io
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I CAN’T Believe It’s Not Hands-Free: 

Why Voice+LLMs Break in IDE Workflows
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Center for Social Data 

Science (SODAS)

Hu et al. Bridging Cultures in the Kitchen: A Framework and Benchmark for Cross-Cultural Recipe Retrieval. EMNLP 2024
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Link recommendation 
system deployed on 
Wikipedia 
(used by millions of editors)

Arora et al. Orphan Articles: The Dark Matter of Wikipedia. ICWSM 2024

https://en.wikipedia.org/wiki/Data_analysis
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Čuljak et al. Quotegraph: A Social Network Extracted from Millions of News Quotations. arXiv preprint 2025
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To summarize…

To summarize…

● (Large) language models

○ Reasoning

○ Retrieval augmented generation (RAG)

○ Inference optimization engines

○ Reliability / Trust

○ Alignment / RL / Post-training

● Graph neural networks

● Knowledge graphs

● Human behavior: digital traces, social networks
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https://cs.au.dk/~clan/

akhilarora.bsky.social

Thank you!
Questions?

akhil.arora@cs.au.dk

aroraakhilcs

Let’s build something together!

https://github.com/au-clan



Bonus time: there are multiple 
Reasoning models, but turns 

out they are all quite similar in 
many ways!



For completeness - where else 
is CoT helpful besides inference



CoTs as think-SFT is useful

2501.09686

https://arxiv.org/pdf/2501.09686


Pipeline 



Contributions of the pipeline stages

2501.09686

https://arxiv.org/pdf/2501.09686


output is 
so similar

Artificial Hivemind: The Open-
Ended Homogeneity of LMs

https://arxiv.org/pdf/2510.22954
https://arxiv.org/pdf/2510.22954
https://arxiv.org/pdf/2510.22954
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Artificial Hivemind: The Open-
Ended Homogeneity of LMs

https://arxiv.org/pdf/2510.22954
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Verifiability and tracing to training data matters

https://allenai.org/blog/olmotrace
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