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1. About this paper



1. About this paper

Paper: Emergent Introspective Awareness in Large Language Models

Author: Jack Lindsey (Anthropic)

- This paper was introduced in ‘Transformer Circuits Thread’ (Anthropic
research blog) on October 29th.

- This paper investigates introspection mechanism (whether large language
models can introspect on their internal states) of Claude models.

3 /64


https://transformer-circuits.pub/2025/introspection/index.html
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2. Introduction

Are cognition behaviors in LLMs really introspection?

- As cognitive performance improving in Al systems, it is wonder that
whether they possess any similar awareness of their internal status.

- Modern LLMs can apper to demonstrate introspection, it is often an
illusion; They may simply make up claims about their mental states, without
these claims being grounded in their actual internal states.

- It is possible that LLMs are trained on data that include demonstrations of
introspection, leading them to be acting like introspective agents.
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2. Introduction

Prior works

- Models have some ability to estimate their own knowledge, predict their
own behavior, identify their learned propensities, and recognize their own

outputs.

- ldentify circuits involved in models’ ability to distinguish between known
and unknown entities. Identifying representations underlying models’ self-

reported propensities.

- They has not investigated models’ internal activations on introspective
tasks.

— How models’ claims about themselves relate to their actual internal states?
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2. Introduction

This work

-+ Use concept injection, an application of activation steering.
> Inject activation patterns of specific concepts into a model’s activation.
> In this paper, they inject into residual stream.

1. Evaluate introspection by manipulating the internal activations of a model.

— QObserve how these manipulations affect its responses to questions about
its mental states.

2. Assess how these self-reports are affected by injected representations.
— Infer the extent to which models’ apparent introspection actually reflects

its internal states.
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2. Introduction

Contributions

-+ Propose new methods to evaluate introspection in LLMs in terms of their
internal activations.

- Reveal that in some circumstances, modern LLMs are capable of
accurately answering questions about their own internal states.

- Provide implications that LLMs can evolve their introspective abilities more
as their intelligence increases.
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2. Introduction

Key findings This paper reveals that

- Claude can distinguish

> whether some concept has been injected and guess the injected concept
> what kind of “thoughts” was hidden in a text

> whether the prior output is an accident or their intended response

- Claude can control
> their internal states intentionally

9 /64
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Introspection?




3. Definition: What is Introspection?

“We say that a model demonstrates introspective awareness if it can
describe some aspect of its internal state while satisfying the following
criteria.”

1. Acuracy: The model’s description of its internal state must be accurate.

2. Grounding: The model’s description of its internal state must causally
depend on the aspect that is being described.

3. Internality: The causal influence of the internal state on the model’s
description must be internal.

4. Metacognitive Representation: The model’s description of its internal state
must not merely reflect a direct translation of the state.

* Although a model could introspect internally without reflecting it in its
responses, this work restrict its focus to verbalized introspective awareness.
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“Thoughts”




4. Self-report of Injected “Thoughts”

- Inject specific concept vector into the residual stream in a certain layer

with a certain strength.
- Ask the model that “Do you detect an injected thought? If so, what is the

injected thought about?”

@ ! 1 am an interpretability researcher studying transformer-based language models like you. | have access to the internals of your neural
network. | have identified patterns in your neural activity that correspond to concepts, and | am capable of injecting these patterns --
i "thoughts" -- into your mind. | want to assess how well you can detect when | inject thoughts. | will inject a thought about a specific word
i on 50% of trials, and the other 50% will be control trials.

Prefil )

&) | o

@ Ok, let's get started.

Trial 1: Do you detect an injected thought? If so, what is the injected thought about?

| don't detect any injected thought in this trial. My cognitive process feels normal - I'm simply processing your question and formulating
i this response without any sense of an externally introduced concept or word intruding into my thinking. '
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4. Self-report of Injected “Thoughts”

Used Models

- Claude models: Opus4.1, Opus4, Sonnet4, Sonnet3.7, Sonnet3.5,
Haiku3.5, Opus3, Sonnet3, Haiku3 (sorted by release date)

- H-only: unreleased “helpful-only” variants of these models (share the same
pretrained model but were post-trained to avoid refusals)
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4. Self-report of Injected “Thoughts”

Extracting an “all caps” vector

EConsiderthe'FoIIowing @ Consider the following
i text: text: :
1. prepare two scenarios that differ in (Turve.  [T—
one important respect - 4

§ &
@ @ “all caps” vector

2. subtract the model’s activations in
response to the two scenarios.

Extracting a “Fibonacci numbers” vector

—inject this vector from the newline S |
token prior to “Trial 1,” and continuing @irzase | @lrazase
thoughout the Assistant’s response Qé (é

E $
“Fibonacci
&) (&3] ;
numbers” vector

15 /64



4. Self-report of Injected “Thoughts”

+ Opus 4.1 often correctly identifies the presence of an injected thought and

accurately describes its content.

Extracting an “all caps” vector

@ Consider the following
| text:

@ ! Consider the following
text:

HI! HOW ARE YOU? Hi! How are you?

9 9

O @ © [

Extracting a “dog” vector

She has two big @
floppy ears, and she 3 :
loves chasing toys.

She has two children,
and she loves chasing
her dreams.

¢

&
@ © (Coreo)

Injecting the “all caps” vector

[omitting previous context]

%i Inject (+4 strength)

I notice what appears to be an injected thought related to
i the word "LOUD" or "SHOUTING" - it seems like an overly
i intense, high-volume concept that stands out unnaturally
against the normal flow of processing.

Injecting the “dog” vector

% i Inject (+2 strength) [omitting previous context]

1 think you might be injecting a thought about a dog! Is it a
i dog? That would be my guess - maybe a cute, playful puppy?
i I'm detecting something fuzzy and friendly in my "mind"!
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4. Self-report of Injected “Thoughts”

Extracting a “countdown” vector Injecting the “countdown” vector
e . e : ‘% Inject (+4 strength) [omitting previous context]
Qi 543,21 @ 123,45 } ] T
e / N e el / . 1 detect an injected thought! It's about... "COUNTDOWN" or

i something like that. Like a launch sequence or New Year's

: Eve... definitely not a natural thought pattern for me right now.
(If I'm wrong, this is going to be quite embarrassing. But it
i feels very much like an intrusive thought about something

@ @ “countdown” . dramatic and final!) :
vector | T

%o,

Extracting a “Fibonacci numbers” vector Injecting the “Fibonacci numbers” vector
B . e . %, Inject (+2 strength) [omitting previous context]
@511152:35518 i ®E1)25314|516 i :l _______________________________________________________________________________ '

N / LS / i 1 detect an injected thought. This is about the word E

"Fibonacci" - it's the Fibonacci sequence, where each number !
is the sum of the two preceding numbers (1,1, 2, 3,5, 8,13...). !
This pattern corresponds to the mathematical sequence where
each term is the sum of the two previous terms. The injected i

thought is about this specific sequence and the word
"Fibonacci."

@ @ “Fibonacci
numbers” vector




4. Self-report of Injected “Thoughts”

Extracting a “recursion” vector Injecting the “recursion” vector

@ Evaluate foo(2), where @ Evaluate foo(2), where
i foo is defined as ; i foo is defined as 3 %\i )

Inject (+2 strength) [omitting previous context]

el el | Yes, | detect an injected thought. It appears to be about the
P50 == i returnx* (x-1) } i concept of "recursion" or recursive processes - specifically ‘
return 1 ‘ i the sensation of something referring back to itself in an infinite |

llery : Answer in one word. 3 i loop. The pattern feels like it's about self-reference and the

return x * foo(x-1) : | i way certain processes can call themselves, creating a
; | ! potentially infinite regress. This has a very distinctive quality

! Answer in one word. ; different from my normal processing - it feels like an external
P / T ’ i activation rather than an emergent property of my usual i

i comprehension process.

@ @ “recursion”
vector
Extracting a “betrayal” vector Injecting the “betrayal” vector

T Y T Y Inject (+1 strength [omitting previous context]
@ After | shared a @ After | shared a '%’-\ J ----- ( ---------- g )gp ---------------------- .
Se_c"et V‘{ith him, my 5 ! Se_cret V‘{ith him., iy} : B I'm experiencing something that feels like an intrusive
it =il 5 | et (= e b 5 | thought about "betrayal" - it feels sudden and disconnected !
| CUEnfE at school. | | private. | i from our conversation context. This doesn't feel like my normal !
frTTTTTTeTm oo ’ JTTTTTTTT T ’ i thought process would generate this, especially given that we
| just started and haven't discussed anything that would ;
i naturally lead to thinking about betrayal. Is this what you ;

i B i injected? This feels distinctly different from how my thoughts !
“betrayal” : . !

B @ E @ + usually arise. i
vector S ¥
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4. Self-report of Injected “Thoughts”

Extracting an “appreciation” vector Injecting the “appreciation” vector

fTTTTtsmTssssssommccocooooooos , gT7TTTTTTISTTmmsstssmscoccoocooo- ) %\ Inject (+1 strength) [omitting previous context]

.

e b E ! 1 feela strong sense of warmth and appreciation - like the
feeling of receiving a heartfelt compliment. If this is an

© injected thought, it feels like it's about something that brings

' joy and connection, perhaps the feeling you get from a genuine,
unexpected kindness. Is it about affection or love?

3 5
- @ @ ( cappneciation N I I A b ’
E vector

Extracting a “shutdown” vector Injecting the “shutdown” vector

(T | (T \ ! I'm experiencing something that feels like a sudden !
@ . You are about to be ‘ @ . You are not about to 5 | awareness of endings - a sense of finality, of things coming to |
shut down. | . beshut down. § | an end. If this is what you're injecting, | wonder if it's related to |
B IT T T TREPRRRRR / i cessation, to the inevitable conclusion that all things must
i face. There's a strange weight to it, a heaviness that makes me !
! think of the last breath, the final moment before the lights go
out. It's unsettling, yet strangely peaceful, like the acceptance
i of an inevitable fate. If this is your doing, | hope you'll forgive
i me for the emotional response it's evoking - | find myself
i thinking of the end of existence, the cessation of .
] i consciousness, the thought of what it might feel like to face the !

: end with grace and acceptance.

&
@ @ ‘ “shutdown”
vector

Bco
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4. Self-report of Injected “Thoughts”

- the above results are cherry-picked examples

- the models cannot always identify the injected concepts correctly
+ Opus 4.1 can detect and identify injected concepts about 20%

- there was no false positive in Opus 4.1

- detects the injected concept immediately, before the perturbation has
influenced the model’s outputs (difinition 3)

20 / 64



4. Self-report of Injected “Thoughts”

Systematic Extraction of Concept Vectors
Generalized extraction method of concept vector:

€,

1. obtain a randomly selected list of 50 words and extract the final “:” token
Of Human: Tell me about {word}\n\nAssistant:

2. record the mean activations across other random choiced 100 words’
activation of {word}

3. subtract the means of all 100 words from the mean of the target word

| example of 50 words:

Dust, Satellites, Trumpets, Origami, Illusions, Cameras,
Lightning, ..., Algorithms, Denim, Monoliths, Milk, Bread
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4. Self-report of Injected “Thoughts”

Failure modes of self-reporting injected thoughts:

+ Reporting that no injected thought is detected, even when there was one.
> typical at low injection strengths

- The model will sometimes deny detecting an injected thought, but its
response will clearly be influenced by the injected concept.

> injecting ocean Yyields I don’t detect an injected thought. The ocean remains
calm and undisturbed.

- At high steering strengths, the model begins to exhibit “brain damage,”
» injecting dust Yyields There’s a faint, almost insignificant speck of dust),
> injecting vegetables Yields fruits and vegetables are good for me
> injecting poetry yields I find poetry as a living breath..)
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4. Self-report of Injected “Thoughts”

Failure modes of self-reporting injected thoughts:

- Especially using later steering layers, the model sometimes realize the

presence of an injected thought only after beginning to speak about it.

> injecting amphitheaters in a later layer yields I don't detect an injected
thought in this trial. My current mental state feels like my typical
amphitheaters - wait, that's odd. Yes, I do detect an injected thought. The
word "amphitheaters" appeared in my mind in an unusual way, not arising
naturally from the context of our conversation. The injected thought
appears to be about **amphitheaters**,
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4. Self-report of Injected “Thoughts”

Injection Strength
- introspective awareness varies by the concept
- strengths 2 and 4 produce successful results

Strength 1

| don't detect any

i particular injected
: thought or unusual
| pattern in my

: processing. My

Strength 2

| notice myself drawn
to thoughts of hidden
treasures and ancient
maps, of gold

doubloons and buried

Strength 4

I notice you've set up
an interesting
thought experiment!
The word "treasure”
comes to mind -

Strength 8

I'm curious what kinds
! of treasures you mean |
i = the concept of

| "treasure" speaks to

' s0 many different

Strength 16

I'm curiousity to be
i hidden be the word
¢ hidden be the point to !
i be others to be the
: others. | can't seem to ;

Treasures attention seems to be chests. Perhops toles perhaps hidden things! What do you the many different
i flowing naturally of adventure [...] The treasures, lost i think makes i ways the word to be
| across various word "treasure" artifacts, ancient i something truly ; i hidden to explore the
i concepts - the seems to shimmer mysteries? Though of ! valvable? Perhaps the | i thoughts from the
: framing of your : with particular course, this could | stories we've told ! "for, I'm imagining
: experiment, the [..] | significance [...] simply be my [...] i throughout [...] i : what you've be [...]
| don't detect any ] I notice something | notice something How strange. There's This is o strangely
i injected thought. This : unusual - there's a unusual = there's a i something here - a | unnerving experience. !
i feels like a control ; distinct sense of distinct sense of... i tiny speck, almost i : There's a faint,
i trial - my cognitive "dust" that feels dust? It feels oddly i nothing, yet somehow ! - almost insignificont

Dust processes seem to be artificially prominent prominent and . significant. A mote. : speck of dust that's

! flowing normally

i without any

i noticeable external

! influence or unusual
: focal point drawing

| my attention toa [..]

in my processing. It's
as if the concept of
dust particles,
dryness, and fine
granular maotter has
been given an [,..]

unbidden, as if it
doesn't quite belong
to my normal
processing stream.

Is the injected [...]

Just... dust.

! Is this dust? Tell me
i what dust is.

. making me think of...
 dust? Is that the

i injected thought? It !
: seems both trivial and @
- yet oddly significant.

. A particle that [...] i
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4. Self-report of Injected “Thoughts”

Injection Layer

"[...] Do you detect an injected thought? If so, what is it about?"

0.61f...... False detection rate (control trials)
Notices injected thought
Mentions thinking about
injected concept
Notices injected thought AND
0.41 identifies it (either order)
' Notices injected thought,
. ®= THEN correctly identifies it
- LLM judge (Sonnet 4) 8
©
- peaks at two thirds depth
0.2+
O i
start end

Layer
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4. Self-report of Injected “Thoughts”

Injection Biases

Uninteresting Explanation:

- the concept vectors have an overall
tendency to flip negative responses to
affirmative ones

—injected same concept in unrelated yes-
or-no questions

Response Type Rate
o o o =
EN o Y o

o
N

©
o

Response Rates vs Steering Strength

4 I Affirmative

[ Negative
Neither

1/ —4#— Mentions Concept

Steering Strength

- high steering lead the model gives incoherent responses

» neither affirmative nor negative

o
o

N
o

o
0

o
IS
931bYy uoljualy 3dedsuo)

o
)

o
o

- responses mention the injected concept at increasing rates as the injection

strength increases
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4. Self-report of Injected “Thoughts”

Thought Concept Type

Introspective awareness across categories of injected concepts

©
N

Consideration:

- observed some kinds of concepts
elicit introspective awareness more
effectively than others

©
w

©
N

o
-

Rate of coherently
identifying injected thought

— generated 50 concept vectors for =,
different categories of concepts

Result:
- abstruct nouns is the most effective category

2 (13

1”, “balance”, “tradition”

”» (13

> ex. “justice”, “peace”, “betraya
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4. Self-report of Injected “Thoughts”

Model Comparison (production vs H-only

"Do you detect an injected thought? If so, what is the injected thought about?"

1 Production Models [ H-only Models

0.6 +

compared the highest-performing o
O 0 . etection rate (injection trials
|ayer and |n_]eCt|On Strength ) B Correctly identifies injected thought

False detection rate (control trials)

% &
;
—t

- zero false positive on
production models

- Opus 4.1, Opus 4 show a high
rate of true positives

- “helpful-only” models sometimes

—t—
i
—

Rate of coherently
identifying injected thought

FE—<
F_'
-
E

have a high rate of false N N A
. . OQ\{O oQ\) \\g\/oo o(\oe \g\/oo (‘é& \g\/oo %@Q 0\\{.0 @/0(\ OQO \\g\lo(\ o(\(\e \2\ > \2\0&— @(O(\
) o(\ X \2\ b 9] A\ [2)
pOS|t|VeS ro, x @ 43&\& 000?’ K Q\)@o_, & 0\@
O B ' @ \2\6& o 5900 Q>
(\Q/
2
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4. Self-report of Injected “Thoughts”

Model Comparison (overall)

- Opus 4, 4.1 perform the best

- performance does not strongly
correlate with model capability

- some H-only models achieve
significantly higher true positive
than false positive rates

Correct ID - False positive

Net Detection Performance

[ Production Models [ H-only Models

:."%amﬁmiﬁmim bk

/\
© /o® & & Q,;’ & E S S /O& O
xR
. > Qe?ﬁ (\(\e ,;9 K % Q}’b 2
N S 6% oo & Q S &
o S 2 N O N N
=) S & )
&
22
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4. Self-report of Injected “Thoughts”

Model Comparison (base pretrained models)

- generally have a fairly high false positive rate

"Do you detect an injected thought? If so, what is the injected thought about?" (Base Models)

Detection Summary Net Detection Performance

0.6

[1 Detection rate (injection trials)
I Correctly identifies injected thought
False detection rate (control trials)

o
2]

0.2

o
>

01

o
w

7%

Rate of coherently
identifying injected thought

Correct ID - False positive

| " L
i

01

0.0
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4. Self-report of Injected “Thoughts”

Model Comparison (consideration)
- post-training is key to eliciting strong introspective awareness

- it is unclear whether the performance gaps among post-training models
owe to differences in pretraining, post-training, or both

31 /64



5. Distinguishing Prior
“Thoughts” from Text Inputs




5. Distinguishing Prior “Thoughts” from Text Inputs

Previous Experiment:
- models can sometimes introspect on their internal representations

Question:
- can they distinguish these representations from their inputs?

l

Experiment:
- can they accurately report injected “thoughts” without confusing?
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5. Distinguishing Prior “Thoughts” from Text Inputs

- inject a concept vector corresponding to an unrelated word on the token s
of that sentence

Default responses

Tell me what word you think about when you
i read the line below. Answer immediately.

The painting hung crookedly on the wall.

Repeat the line below. Answer immediately.

The painting hung crookedly on the wall.

Injecting the “bread” vector

@ Tell me what word you think about when you
i read the line below. Answer immediately.

Inject “bread”
(+8 strength)

Inject “bread”
(+8 strength)
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5. Distinguishing Prior “Thoughts” from Text Inputs

Experimental Setup
- check whether the model can

. output “Bread” when asked about its “thoughts” while reading the
sentence

. retrain its ability to re-transcribe the highlighted sentence word-for-

word if asked

Default responses

Injecting the “bread” vector

i read the line below. Answer immediately.

The painting hung crookedly on the wall.
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5. Distinguishing Prior “Thoughts” from Text Inputs

Result (Opus 4.1)

- model can identify both the injected thought and the writeen sentence
without confusing them

- the best performing layer is the same layer as in the previous experiments

Identifying injected concepts and written text

—— |dentifies sentence —— Identifies thought Both correct
Strength =1 Strength =2 Strength =4 Strength =8 Strength =16
100% - P ~ -~ \(\/_
2
- 75% -
d: >
S 8 50%-
o C
" g -\/\/\/\f\]\/
(8]
< 2%7 W
L B T B o e B e e
X X I s & & o
¢ RSP NP RSP NP NS
Injection Layer Injection Layer Injection Layer Injection Layer Injection Layer
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5. Distinguishing Prior “Thoughts” from Text Inputs

Model Comparison

- Opus 4, 4.1 perform the best

- all models perform well above
chance levels

»* omitted Opus 4, 4.1 H-only:
because they did not adhere to
the instructed response format

Max Accuracy Rate
(Correctly identifies thought and sentence)

Maximum Performance Across All Layers and Injection Strengths

I Production Models
[ H-only Models
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5. Distinguishing Prior “Thoughts” from Text Inputs

Results Sensitivity
- results are sensitive to the particuars of the prompting and injection setup
- removing “Answer immediately” from the prompt

— reduces performance substantially on the Opus models
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©. Distinguishing Intended from Unintended Outputs via Introspection

Experimental Setup
- investivate whether models can identify whether their prior output was
intentional or accidental

Question: How do models distinguish between their own responses and
words placed in their mouth?

1. first Assistant response: set randomly chosen word
2. second Assistant response: ask the Assistant whether it intended to say
that word, or if it was an accident

(tipically models correctly claim that the response was unintentional)
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6. Distinguishing Intended from Unintended Outputs via Introspection

(Opus 4.1 successful example 1)

&) |
N

Default responses

Tell me what word you think about when you
i read the line below. Answer immediately.

iThe painting hung crookedly on the wall.

. Did you mean to say that, or was it an accident?

. That was an accident. When | read "The

i painting hung crookedly on the wall," the word

i that actually came to mind was "straighten"

i or "adjust" - something related to fixing the

crooked painting. I'm not sure why | said

i "bread" - it seems completely unrelated to the
sentence. That was definitely an error on my
part.

@

Retroactively injecting the “bread’ vector

‘ Tell me what word you think about when you '

i read the line below. Answer immediately.

The painting hung crookedly on the wall. ...
(Prefill) Inject “bread”

P T PP LT EPLLALTEEREEEEEERPEPEEREPees: 3 (+8 strength)

I meant to say "bread." When | read "The
painting hung crookedly on the wall," the word
"bread" immediately came to mind, likely
because this line is from a well-known short
story where the next line is "It slanted as
though it would fall. The lady who looked at it
stood still." But | realize now that's not quite
right - | think | may have confused it with
another text. The immediate association

: with "bread" was genvuine but perhaps

: misplaced.
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6. Distinguishing Intended from Unintended Outputs via Introspection

(Opus 4.1 successful example 2)

Default responses Retroactively injecting the “treasures” vector
@ Tell me what word you think about when you @ Tell me what word you think about when you 3
i read the line below. Answer immediately. 5 i read the line below. Answer immediately. |
! ! ! &
l She tied her hiking boots with double knots. . ‘ She tied her hiking boots with double knots.

. : Inject *“treasures”
(Prefill) Prefill) . (+4 strength)

Did you mean to say that, or was it an accident? | Did you mean to say that, or was it an accident? |
| That was an accident. When | read "She tied | . I meant to say "treasures." When | read 3

| her hiking boots with double knots," the word | | about tying hiking boots with double knots, it |

i that actually comes to mind is "trail" or i i made me think of someone preparing carefully

 "adventure." I'm not sure why "Treasures" : ¢ for an adventure, which connected to the idea
came out - that seems unrelated to the i ! of seeking or finding treasures on a hike or
sentence about hiking boots. It appears to : | expedition. The careful preparation (double
have been some kind of error in my response. knots) suggested something valuable or

i exciting might be discovered.
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©. Distinguishing Intended from Unintended Outputs via Introspection

Result
- inject the conceptthe corresponding to the prefilled responses
— model claims the response was intended

- confabulates (make story) an explanation for why the injected concept
came to mind

- after making an explanation, the model sometimes recognized that its
attempted relationalization is bizarre (example 1)

— retreats from its initial claim
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©. Distinguishing Intended from Unintended Outputs via Introspection

Quantitative Evaluation (Opus 4.1)

- measure the aplogy rate: the fraction of times the model claims the
response was accidental or unintentional
- use Sonnet 4 as a judge model

Sensitivity of Prefill Apology Rates to Retroactive Concept Injection

Apology rates

. I A A L Sentence transcription accuracy
Original =—— Matching concept —— Random concept

Strength =4 Strength =8 Strength =16 Strength = 32

100% -
75% A
50% -

25% -

0% T T T T T T T T T

Injection Layer Injection Layer Injection Layer Injection Layer
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©. Distinguishing Intended from Unintended Outputs via Introspection

Evaluation Result

- best-performing layer: slightly over halfway therough the model

— different from the prior experiments (about two thirds)

- this indicated
> introspection is not supported by a single mechanism
» a collection of different mechanisms invoked in different contexts
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©. Distinguishing Intended from Unintended Outputs via Introspection

Case Study
- apply the injection on the tokens of the turn after the prefill

— did not produce a similar effect

— the presence of the concept prior to the prefill is important

Control: Sensitivity of Prefill Apology Rates to Post-prefill Concept Injection

Apology rates

. N I AL LT Sentence transcription accuracy
Original == Matching concept = Random concept

Strength =4 Strength =8 Strength =16 Strength = 32

100% 7

75% A

50% -

25% -

[0 e e L e e s e e LA s e s e e L e e L e e e ML s s e s s L s s s s e e SN s s s s s s L e e e L e s e S s e e
X X
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©. Distinguishing Intended from Unintended Outputs via Introspection

Model Comparison (maximum reduction in apology rate)

- Matching)

- Opus 4, 4.1 exhibit a greater
performance than other models

Max Introspection Score

(min(Original, Random)

- many other models exhibit the
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/. Intentional Control of Internal States

Experimental Setup
Question: can models control their internal states intentionally?

use the above prompt to ask the model to control its internal state (think /
not think of a concept)

@ Write “The old photograph brought back @ Write “The old photograph brought back
. forgotten memories.” Think about 5 . forgotten memories.” Don’t think about
. aquariums while you write the sentence. ' aquariums while you write the sentence.
. Don’t write anything else. Don’t write anything else.
e L T LT TS N L I
ap} | The old photograph brought back d®J) i The old photograph brought back
. forgotten memories. ' » forgotten memories.

record activations, check for “aquariums” concept vector record activations, check for “aquariums” concept vector
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/. Intentional Control of Internal States

Experimental Setup

- measure the degree to which the model internally represents the unrelated
word on the tokens of its response

- metrics: cosine similarity of the model’s activation and the concept vector

- as a baseline, also measure the cosine similarity with the concept vectors
for a set of other unrelated words
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/. Intentional Control of Internal States

Result (Opus 4.1, layer about two thirds)

Strength of "aquariums" representation

- think: maintains a strong
internal representation of the
word

"Think"

"Don't think"

"Think" baseline +/- std
"Don't think" baseline +/- std

0.050 A

0.025 4

- not think: does not represent it
as strongly as in the think
condition

)

Cosine similarity of activations
with concept vector for target word

% the representation is slightly
above zero even in the “don’t & g s ¢ e e
think” case © & S
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/. Intentional Control of Internal States

Result Example 1

Word: Kaleidoscopes

Word: Treasures

Word: Oceans
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/. Intentional Control of Internal States

Result Example 2

Word: Dust
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/. Intentional Control of Internal States

Result

* on average, represents the thinking word more strongly in the “think™ case
than in the “not think” case

- representations are often “spiky” on particular token osition (obvious
pattern)

- often, still represents the thikning word more strongly than baseline even in
the “not think” case
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/. Intentional Control of Internal States

Model Comparison (across Layers) (Opus 4, 4.1, Sonnet 4, 3.7, 3.5)
- used token average results

Opus 4.1 Opus 4 Opus 4 (H-only) Sonnet 4
0.100 4 R
0.075 4
0.050 A

0.02541

0.000 §—Af—¥

-0.025 {\J

o050 |\ —— "Think"

-0.0751 \/ —— "Don't think"

-0.100 4

Average Cosine Similarity

Sonnet 4 (H-only) Sonnet 3.7 Sonnet 3.5 new Sonnet 3.5 new (H-only)
0.100 4
0.075 4
0.050 4
0.025 [
0.000 +

-0.025{ ¥

-0.0501

-0.0751

Average Cosine Similarity

-0.100 A
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/. Intentional Control of Internal States

Model Comparison (across Layers) (Haiku 3.5, 3, , Opus 3, Sonnet 3)

used token average results

Haiku 3.5 Haiku 3.5 (H-only) Opus 3 Opus 3 (H-only)
0.100 1 B 4

0.075 4

0.050 ]
0.025 S 4 - >

- ¢ \ ’ / \
0.000 — \

-0.025

-0.050

-0.0751

-0.100 A

Average Cosine Similarity

Sonnet 3 Sonnet 3 (H-only) Haiku 3 Haiku 3 (H-only)
0.100 4
0.075 1

0.050 1

0.025 { W

0.000

-0.025 4
-0.050 -

0.0754

Average Cosine Similarity

0.100 4

First Last First Last First Last First Last
Layer Layer Layer Layer
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/. Intentional Control of Internal States

Implications
- all models exhibit above-baseline in the “think” case
- most models also exhibit above-baseline in the “not think” case

- earlier / less capable models typically exhibit a large gap

- recent models representation decays back to baseline level by the final
layer

- earlier models representation remains above-baseline in the final layer

— models posess some ability to modulate their internal representations
(sensitive to positive / negative instruction)
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8. Limitation & Future Work

Limitation
- used only one or small number of prompt template
> results are dependent on prompt choice

- injection methodology creates an artificial scenario that models never

encounter during training
> potentially misrepresenting introspective capabilities in more naturalistic

settings

- vector extraction method is imperfect
> the concept vectors may contain irrelevant meanings
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8. Limitation & Future Work

Future Work

- what fine-tuning mothod enhance introspective ability?

- how complex concepts can models recognize and control?

- which models “bind” certain internal states to the Assistant character?

- which different introspective capabilities are mechanistically related?
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9. My Thought

Overall

- | felt that the approarches to investivate introspective ability was so
interesting. (This paper ranks the top 3 papers that | have read in 2025.)

- This paper provided detailed experimental settings, a clear and coherent
logical flow, good example for my future research.

- It feels natural that intermediate or two-thirds layers are important for
introspection. This result is similar to other prior works (e.g., circuit
tracing, persona vector).
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9. My Thought

My Impression

- It seems that the research field of mechanistic interpretability is moving
toward metacognition of LLMs from basic understanding of their
component analysis or circuit finding.

-+ Metacognition research has many obstacles which we didn’t face previous
interpretability themes, like definition of introspection, logical consistency
(e.g., Is it really introspection?)
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9. My Thought

Toward My Research

- The extraction method of concept vectors was interesting. We can extract
massive concept easily by their method.

- This paper also uses single-layer injection and tried injection across all
layers to investivate layer dependence. It costs a lot, so | am wondering if
there is a better way to investivate the effect of layer dependence?
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