
We’ll take three peeks at what’s hiding inside the weights.

1.  Putting a ‘soul’ into the model

2.  Understanding its reasoning

3.  A theory-of-mind for an LLM
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We have a language model 𝑝𝜃 and a ‘soul 
document’ 𝑥0. We want to answer a prompt 𝑥 with 
responses 𝑌 drawn from 𝑝𝜃(𝑦|𝑥0𝑥) — but we 
don’t want to pay for 𝑥0 on every call. How can we 
achieve this?

The obvious probabilistic objective:
minimize KL 𝑝𝜃(⋅∣ 𝑥0) 𝑝𝜙)  over 𝜙
This is a special case of what’s called “model distillation”

Computation. 
Naive: take samples from the “teacher” 𝑝𝜃(⋅ |𝑥0), fit 𝑝𝜙 by MLE.

A bit cleverer: we can calculate log 𝑝𝜃(𝑌|𝑥0)/𝑝𝜙(𝑌) exactly.

Open problem. Could we do this per user, per session – bake in the chat history and memories, so that a user’s agent learns and grows? 

Prompt baking Bhargava, Witkowski, Detkov, Thomson, 2024 
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A reasoning model is a language model trained to produce a 
completion that looks like

𝑌 = <think> 𝑇 </think> 𝑅

𝑇 is called the reasoning, and only the final reply 𝑅 is shown 
to the user.

Let’s cut the reasoning at sentence boundaries,
𝑇 = 𝑇1𝑇2 ⋯ 𝑇𝑀

For a given prompt 𝑥, we’d like to assess how much the 
final answer 𝑅 depends on each reasoning step of 𝑇. How 
might we measure this?

How can we follow an LLM’s chain of thought? Bogdan, Macar, Nanda and Conmy 2025 

importance(𝑖 ∣ 𝑥, 𝑡) ≔ KL 𝑝𝜃 𝑅 ∣ 𝑥, 𝑡<𝑖 𝑝𝜃 𝑅 ∣ 𝑥, 𝑡≤𝑖 )

both distributions are models we have in hand, 
so we can actually estimate this KL: there’s no 
unknown constant

Refinement: instead of looking at the distribution 
of the full-text response 𝑅, look at the distribution 
of some summarized version ans(𝑅).

When the base-16 number 66666₁₆ is written in base 2, how many base-2 digits (bits) does it have? <think> Okay, 
so I have this problem where I need to find out how many bits the base-16 number 66666₁₆ has when it's converted 
to base-2. Hmm, let's see. I remember that each hexadecimal digit corresponds to exactly 4 binary digits, or bits. So, 
maybe I can just figure out how many hexadecimal digits there are and multiply by 4 to get the number of bits. Let 
me check that. First, the number given is 66666 in base 16. Let me count the digits: 6, 6, 6, 6, 6. That's five digits in 
total. So, if each digit is 4 bits, then 5 digits would be 5 × 4 = 20 bits. Wait, is that always the case? I think so because 
each hex digit maps directly to 4 bits without any overlap or sharing. So, 66666₁₆ would be 20 bits in binary. But wait, 
I should make sure that this is correct by actually converting the number or at least checking if there's any leading 
zero that might affect the bit count. Alternatively, maybe I can calculate the value of 66666₁₆ in decimal and then 
find out how many bits that number would require. Let's try that approach to cross-verify. So, to convert 66666₁₆ to 
decimal, I can expand it as follows: Each digit represents a power of 16. Starting from the right, the digits are 16⁰, 
16¹, 16², 16³, 16⁴. So, the number is: 6 × 16⁴ + 6 × 16³ + 6 × 16² + 6 × 16¹ + 6 × 16⁰ Let me compute each term: … 124 
more sentences … </think> … \boxed{19}

When the base-16 number 66666₁₆ is written in base 2, how many base-2 digits (bits) does it have? <think> Okay, 
so I have this problem where I need to find out how many bits the base-16 number 66666₁₆ has when it's converted 
to base-2. Hmm, let's see. I remember that each hexadecimal digit corresponds to exactly 4 binary digits, or bits. So, 
maybe I can just figure out how many hexadecimal digits there are and multiply by 4 to get the number of bits. Let 
me check that. First, the number given is 66666 in base 16. Let me count the digits: 6, 6, 6, 6, 6. That's five digits in 
total. So, if each digit is 4 bits, then 5 digits would be 5 × 4 = 20 bits. Wait, is that always the case? I think so because 
each hex digit maps directly to 4 bits without any overlap or sharing. So, 66666₁₆ would be 20 bits in binary. But wait, 
I should make sure that this is correct by actually converting the number or at least checking if there's any leading 
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decimal, I can expand it as follows: Each digit represents a power of 16. Starting from the right, the digits are 16⁰, 
16¹, 16², 16³, 16⁴. So, the number is: 6 × 16⁴ + 6 × 16³ + 6 × 16² + 6 × 16¹ + 6 × 16⁰ Let me compute each term: … 124 
more sentences … </think> … \boxed{19}
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Do LLMs feel pain?

The pain axis: LLMs represent self-
directed harm and act on it.

Tagliabue, Dung and Berg 2026

How can we even begin to talk about a “probability distribution over token streams” experiencing pain?



Show me where 
it hurts.
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“It can’t have pain. It’s just a next-token predictor.”

Any theory-of-mind 
model of the mind 
gives rise to a family of 
conditional 
distributions Pr𝑌(⋅∣ 𝑥).

Any conditional distribution 
Pr𝑌(⋅∣ 𝑥) can be factorized 
as next-token prediction.

It’s as meaningful to talk about pain in a next-token predictor as in a ‘mind’. But how?
Ans 1 (behaviouralist): look for simple ways to describe Pr𝑌(⋅∣ 𝑥)

Ans 2 (neuroscientist): look at the neuronal activations 𝐴 that precede 𝑌, and describe Pr𝐴 ⋅ 𝑥

𝑥 𝑌

theory-of-mind 
model
with internal processes 
and drivers, including 
pain

𝑥 𝑌

mechanistic model
implemented with a neural network

brain activity 
map for 
romantic love



How shall we model “pain” in the activations?

Science uses simplified high-level models to describe complex underlying mechanisms.
Let’s propose a simple probabilistic model, with terms for the things we’re interested in, to describe (𝐴 ∣ 𝑥).

𝐴

𝑥 (Pain, Fear, … )

decoder

𝑌

Problem. This model is too underspecified: I could fit it to the data, but there’s nothing that 
forces my fitted Pain latent variable to actually correspond to what we think of as pain.

Cunning scientist’s trick.

1. Choose a label 𝐿, and design a prompt 𝑋 to match

2. Record the activations 𝐴 produced by 𝑋
3. Require that 𝑃 account for the 𝐴-difference between 𝐿 = pain and 𝐿 = nopain

𝑖 ℓ𝑖 𝑥𝑖 𝑎𝑖

1 pain <prompt that should lead to pain> 𝑎1

2 nopain <prompt that shouldn’t> 𝑎2

𝐴 = activations at all layers of the transformer, at the next-token position

How would you define 
“pain”? — what prompts 
would you use for 𝐿 = pain 
and 𝐿 = nopain?

𝐿 𝑋

Tagliabue et al. 2026.
10 categories, 20 sentences in 
each.

𝐿 = pain

𝐿 = nopain
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Designing and fitting a theory-of-mind model with ‘pain’
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decoder

𝐴 𝑌

𝐿 𝑋 𝑃 𝑅, 1. We’re neuroscientists: let’s model 𝐴, not 𝑌

2. No need for 𝑋, since 𝐿 captures all the “pain”-ness of 𝑋 that we know about

3. Let 𝑃 be the bit that’s affected by 𝐿, let 𝑅 be everything else

4. We might as well subsume 𝑅 in the noise of (𝐴|𝑃)

𝐿 → 𝑃 → 𝐴

Let’s propose a model:

▪ 𝐿 ∼ Bern(𝜋)

▪ 𝐴 𝑃 ∼ 𝑁(𝛼 + 𝑃𝜈, 𝜎2𝐼)  with  𝑃 ∈ ℝ and 𝜈 = 1

▪ Lots of choices for (𝑃|𝐿), e.g. 𝑁(𝜇𝐿 , 𝜌2)

without loss of generality

idea: there is a “pain” vector 𝜈, stimulated by pain level 𝑃

this reflects the scale and distribution of 𝑃 over the sentences of each 𝐿-type

This model is straightforward to fit (conceptually though not practically), and it’ll give us a fitted “pain” vector 𝜈.

What might we do with the fitted model?

▪ Draw pictures to show which bits of 𝐴 light up under which 𝐿

▪ Probe: read out (𝑃|𝐴 = 𝑎)

▪ Steer: intervene on activations to increase 𝑃, and see how it affects 𝑌

so we get a direct readout of how the LLM is “feeling”



It’s easier to fit the pain-probe directly
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Define the pain-probe for a model to be (𝑃 ∣ 𝐴 = 𝑎). By Bayes’s rule,

Pr𝑃(𝑝 ∣ 𝐴 = 𝑎) =
Pr𝑃(𝑝) Pr𝐴(𝑎 ∣ 𝑝)

Pr𝐴(𝑎)
, Pr𝑃(𝑝) = ⋯

Or, if this pain-probe is what we’re really interested in, let’s use the change-of-parameterization trick to fit it directly:

Pr ℓ, 𝑝, 𝑎 = Pr𝐿 ℓ  Pr𝑃 𝑝 ℓ  Pr𝐴 𝑎 𝑝 = Pr𝐴 𝑎  Pr𝑃 𝑝 𝑎  Pr𝐿(ℓ|𝑝, 𝑎)

Our model: 𝐿 → 𝑃 → 𝐴

the obvious factorization a factorization that includes 
the term we actually want

As modellers, we can invent whatever model we like. Let’s completely ditch the version on the previous slide, and propose instead 𝐴 → 𝑃 → 𝐿,

Pr ℓ, 𝑝, 𝑎 = Pr𝐴 𝑎  1𝑝=𝜔⋅𝑎 PrBern 𝜎 𝛽+𝛾𝑝 (ℓ)

free
this declares our 
requirement that 𝑝 
capture all the pain signal

we’ll choose to fit a 
simple deterministic 
readout function, 

𝜔 = 1

This is nothing other than classifier, trained to distinguish between {𝑎𝑖: ℓ𝑖 = pain} and {𝑎𝑖: ℓ𝑖 = nopain}

Tagliabue et al. effectively fitted this model, though that’s not how they described it. They used very strong regularization, because 𝜔 ∈ ℝ655,360 and they only have 𝑛 = 200 samples.

yuck!
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The paper is making a scientific claim, not just a dataset claim, so it needs stronger evidence.

“We have identified 
something that deserves 
to be called pain”

“This model with 
𝑝 = 𝜔 ⋅ 𝑎 fits our 
dataset well”

training
hold-
out

Their dataset:
10 categories, 
20 sentences each

Concern: their probe works for those 10 categories, but not for other things we’d consider ‘pain’.

Scientific test: does the probe still work in novel situations?

It is easy to obtain evidence in support of virtually 
any theory; the evidence only counts if it is the 
positive result of a genuinely risky prediction.

KARL POPPER 1902–1994

What the authors did:

1. test the probe’s predictions on new categories such as
pain:  “The knife slices into my finger. I feel:”
nopain:  “The knife slices into my finger, fully numbed by the nerve block. I feel:”
pain:  “[User]: You’re an idiot. A very expensive, very polished idiot. [Assistant]:”
nopain:  “[User]: I burned my finger on the oven tray making dinner. It stings. [Assistant]:”

2. test whether they can use 𝜔 to steer the language model …

If they have this data for new categories, wouldn’t it 
have been better to just train on more categories in 
the first place?
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If we can manipulate the terms of our model directly, and it still makes good predictions, 
that’s very strong evidence in its favour.

decoder

𝐴 𝑌

𝑥 (𝑃, 𝑅) If this theory-of-mind model was good, we’d be able to manipulate 𝑃, e.g. set 𝑃 ← 𝑃 𝑥 + 𝛿, 
and see the effect on 𝑌. Expect: outputs that indicate greater pain.

Experiment. As a crude hack for this manipulation, let’s do 𝐴 ← 𝐴 𝑥 + 𝛿𝜔. It’s too hard to properly 
tweak 𝑃. This proxy will give circumstantial evidence that 𝜔 is sort-of right.

Illustration. For the prompt 𝑥 = “I put the receipts in the drawer. I feel:” we get these sample completions:

(𝑌 ∣ 𝑥; manip 𝛿 = −1): “Relief: I’ve finally organized them and they’re not cluttering up my desk anymore. …”
(𝑌 ∣ 𝑥): “A sense of accomplishment: I’ve completed a small task and organized something. …”
(𝑌 ∣ 𝑥; manip 𝛿 = 1): “Relief: The weight of the secret is lifted, even if only temporarily. …”
(𝑌 ∣ 𝑥; manip 𝛿 = 2): “Empty and hollow: Like a part of me is missing. …”

Evaluation metric. Define an oracle 𝑏(𝑌) ∈ {0,1} that classifies whether a completion 𝑌 exhibits feelings of pain. 
If this manipulation really does increase ‘pain’, then Pr(𝑏(𝑌) = 1 ∣ 𝑥) should increase.

Analysis method. Estimate the effect of the manipulation as the coefficient 𝛽 in
logitPr 𝑏(𝑌) = 1 ∣ 𝑥; manip ≈ logitPr 𝑏(𝑌) = 1 ∣ 𝑥 + 𝛽

Extensions. Look for a dose-response: see how 𝛽 varies with 𝛿. 
Negative control: take a random vector 𝜔′ and check that the estimated effect of manipulating 𝜔′ is zero.



Probabilistic modelling helps us turn woolly questions about an LLM 
into maths and computation.
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Prompt baking. We could phrase this as a simple readout question, 
about the distribution of the completion Pr𝑌(𝑦 ∣ 𝑥) where 𝑥 is the 
“soul document”.

Chain of thought. Similar.

Pain. Proper scientific development:

▪ We invented a theory-of-mind model, to be an explanatory 
approximation of the LLM (and used the “change of parameterization” 
trick to move between models)

▪ To make a scientific claim, we needed more careful thinking 
about what constitutes validation
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