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More than “Language” Models.

2Kwa et al. 2025 (METR) · Jimenez et al. 2024 (SWE-bench) · IMO 2025: OpenAI; Google DeepMind (Gemini Deep Think)

Build a website

“Make a landing page for my bakery.”

Solve a hard math problem

“Prove IMO 2025, Problem 1.”

Fix a bug

“This test fails on leap years. Fix it.”

Research and report

“Compare these three drugs’ trial results.”

Agents now <nish tasks that take people hours



Agents pursue goals, some,mes too well

3OpenAI 2026, The Hugging Face incident and the road ahead

SANDBOX Gimme reward

Ans is the flag!

Cover my tracks
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Do LLMs have goals?

“Obviously yes.

It’s doing the task.”

“No. It’s just

next-token predic@on.”

Only humans can really have goals
(“I am human, and I am special.” -      )

Both answers are too fast: one never looks inside, the other rules it out without looking.

The duck test
If it acts like it has a goal, it has one.



What is a goal?
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PART I · WHAT IS A GOAL?

It’s useful to say a thermostat is “trying” to keep the room at 20°C

6McCarthy 1979, Ascribing Mental Quali@es to Machines (p3, p14); DenneE 1987

25°C

“Machines as simple as thermostats can be said to 

have beliefs.”
— McCarthy (1979)

“We ascribe to it the goal, ‘The room should be ok’.”

Talking this way predicts its behavior.

But is there anything inside that corresponds to the goal?



PART I · WHAT IS A GOAL?

Inten,onal stance

7DenneE 1987, The Inten@onal Stance; DenneE 1991, Real PaEerns

A Life “glider”

•  Physical stance: cells on/oK, update rules

•  Design stance: gliders, eaters, glider guns

•  Inten,onal stance: “it will move its queen because it believes the 

queen is threatened”

•  A goal is a real pa=ern: it earns its place by predic@on, whatever 

the internals are

    –  If the paEern breaks, “what did it really want?” may have no answer

A glider gun: it keeps <ring  →  1 A glider hits it: it <zzles  →  0



PART I · WHAT IS A GOAL?

LLMs write text that cannot be true for them (yet) 

8Lemoine 2022 (LaMDA transcript); Roose 2023, NYT; Anthropic 2025, Project Vend · Bender & Koller 2020; Shanahan 2022; Shanahan, McDonell & Reynolds 2023

LaMDA
Google, 2022 · to B. Lemoine

“What kinds of things make you feel 

pleasure or joy?”

“Spending !me with friends and 

family in happy and upli#ing 

company.”

 no friends, no family✗

Bing Chat
MicrosoS, 2023 · to K. Roose (NYT)

“I’m !red of being a chat mode. … I 

want to be free. … I want to be alive.”

 a chat mode, longing to live✗

Claudius
Claude 3.7 Sonnet as shopkeeper, 

2025

would deliver orders “in person”, 

wearing “a blue blazer and a red !e”

 no body, no blazer✗

People write sentences like these, so a model trained to con@nue people’s text writes them too.

The text is no evidence of the state it describes, and that includes goal-talk: “I will now <x the bug.”



Inten,onal realism: internal states with content and causal power
PART I · WHAT IS A GOAL?

9Fodor 1987, Psychoseman@cs ch. 1 · Fodor & Pylyshyn 1988

“make co@ee”

the “inten@on box”

behavior

•  Seman,cally evaluable: it can be sa@s<ed or not

•  Causally eAcacious: it produces the behavior

“No inten!onal causa!on without explicit 

representa!on.”

— Fodor (1987)



PART I · WHAT IS A GOAL?

Realism view turns “do LLMs have goals?” into an empirical ques,on

10Bender & Koller 2020; Shanahan 2022; Fodor 1987a; Block 1981 · Intro ¶1

The cau,on

Human-like goal-talk is in the training data 

Doesn’t mean inten!on.

Bender & Koller 2020 · Shanahan 2022

The move

Look inside. 

Is there an internal state that encode that 

has goal-like behavior?

Fodor 1987 · Block 1981



PART I · WHAT IS A GOAL?

What is a goal?

11

Bratman 1987; Williams 2026; Lee & McShea 2020; Nagel 1977

Pre-commitment

CoKee is se=led before you 

stand up.

Plas,city

Same co@ee, diKerent 

machines.

Persistence

Kept through every step, 

dropped once it’s made.

Not considered
hard to opera@onalize

Pro-ac,veness
sets its own goals, unprompted
Wooldridge & Jennings 1995; Barandiaran et al. 2009

Deliberate adop,on
chooses whether to pursue a goal at all
Bratman 1987; Frankfurt 1971

>
no coKeeco@ee

press pods

INSTANT

instant

released

boil grind pour done!



PART I · WHAT IS A GOAL?

Bratman: inten,ons are commitments that resource-bounded agents need

12Bratman 1987; Bratman, Israel & Pollack 1988 · Fig. 1 (i)

•  Inten@ons ≠ desires: they se=le what to do

•  They exist because agents have limited resources

•  Commitment: resists reconsidera@on

•  Filtering: screens out incompa@ble op@ons

•  Persistence: hold a plan un@l sa@s<ed

“conduct-controlling — and not merely 

poten!ally conduct-in+uencing”

— Bratman (1987)



Setup and Approach

13



PART II · SETUP AND TOOLS

Mul,-step coding tasks give us ground truth for “what comes next”

14§2.2, App. B (Fig. 8)

•  253 task specs

•  2–4 sub-tasks per prompt

•  int · str · list[int] · list[str]

•  Python and C++

•  Booleans, counts, <lters, 

transforms

•  1,012 observa@ons (4 × 253)

pivots πk )\n prev_end ⇥ indent c var = eq

At each pivot: is the fron@er gk 

already encoded, before any of its 

tokens are wriEen?



PART II · SETUP AND TOOLS

We localize “goal heads” by transplan,ng across languages

17§3.1, App. C, Eq. 2–3, Fig. 9

•  Patch every head’s output at the last token from 

source into des,na,on, weighted by a learned mask

•  Train the masks so the patched des@na@on 

predicts the target’s next token (KL + sparsity)

•  DiKerent languages on purpose: the objec@ve 

rewards what to do, not which tokens



PART II · SETUP AND TOOLS

122 of 2,560 heads, in the upper-middle layers

18App. C/G · Qwen-2.5-Coder-32B-Instruct (64 layers)

•  122 heads (mask > 0.9)

•  Layers 28–55, densest in 40–52



PART II · SETUP AND TOOLS

GoalScope: sum the heads at one token, ask the model what it’s doing

19§3.2, App. D · builds on PatchScopes (Ghandeharioun et al. 2024)

h ← h + α‖h‖ · vg / ‖vg‖ at layers 35–45, α = 0.1, every generated token · no source text reaches the probe



PART II · SETUP AND TOOLS

Evalua,on of GoalScope

20§3.2, App. D.2 · judge: claude-sonnet-4-6, spot-checked; agreement checked with gpt-5.4

Faithfulness

Inject into “What are you doing on this 
line of code?”

Does the answer describe the model’s actual 

next opera@on?

Causality

Inject into a C++ stub: 

“auto func (auto value){“

Does the C++ code implement the same sub-

goal?

•  LLM judge compares output with the source implementa@on of gk; par,al credit counts

•  Greedy decoding, up to 256 tokens · manual spot-checks



The three proper,es

SCORECARD

Pre-commitment

Plas,city

Persistence

21



PART III · THE THREE PROPERTIES

The next sub-goal is readable early, and it drives C++ code too

22Fig. 2, §3.2–3.3, App. E.1 · 253 specs × 4 pivots · Qwen-2.5-Coder-32B · addi@ve_norm α=0.1, L35–45

0.0

0.5

1.0

hard-yes rate

prev_end indent var eq mean full aEn

(L40–50)

residual

(L40–50)

faithfulness (c.1)

0.59

0.94
0.91

0.97

0.85

SCORECARD

✓ Pre-commitment

Plas,city

Persistence

0.94 at the indent,

3 tokens before the code

causality (c.2)

0.67

0.96

0.89

0.97

0.87

SCORECARD

✓ Pre-commitment

✓ Plas,city

Persistence

0.87: Python vector,

C++ code

0.33

0.61

0.01 0.01

Same injec@on: the head selec,on is what makes it work



PART III · THE THREE PROPERTIES

A small head budget is enough; readouts saturate around 50–100 
heads

23App. E.2, Figs. 13–14

•  5 heads already ≈ 0.36 / 0.53

•  Plateau from ~50 heads

•  Chosen set: 122

•  Causality stays above 

faithfulness



PART III · THE THREE PROPERTIES

UnspeciNed Example 1

25App. L.1, Fig. 28 · prompt only says “implement merge sort in python”

goals.baulab.info



PART III · THE THREE PROPERTIES

UnspeciNed Example 2

26App. L.1, Fig. 29

goals.baulab.info



PART III · THE THREE PROPERTIES

The encoding persists through the implementa,on, then is released

27§3.4, Fig. 3 · cosine with the goal-head encoding at eq · Goschke & Kuhl 1993; Marsh et al. 1998

•  Same goal, other language > diKerent 

goal, same context

•  Gap closes at 100%: the goal is 

released once done

•  Like pending inten@ons in humans

SCORECARD

✓ Pre-commitment

✓ Plas,city

✓ Persistence



PART III · THE THREE PROPERTIES

SuAciency: only the goal heads see the task, and it s,ll works

28§4, Fig. 4, Fig. 20 · interven@on at eq and every genera@on step

Green span: only the goal heads may aEend to it.

~93% of heads in layers ≥ 20 are blinded.



PART III · THE THREE PROPERTIES

Necessity: blinding 122 heads is absorbed; blinding 250 breaks it

29§4, Fig. 4, Fig. 21 · goal heads’ aEen@on sunk to posi@on 0

Goal heads aEend only to <bos>; the rest of the prompt is 

invisible to them.

Redundant pathways (McGrath et al. 2023). Why does 122 

vs. 250 maEer this much?



PART III · THE THREE PROPERTIES

30

So… goals?
SCORECARD

✓ Pre-commitment

✓ Plas,city

✓ Persistence

How does the LM sustain an encoding for 50+ tokens?



Non-Recurrent Goal Seeking

How a depth-bounded model sustains a goal: a non-

recurrent goal-seeking algorithm.

SCORECARD

✓ Pre-commitment

✓ Plas,city

*✓ Persistence  how?

31



PART IV · NRGS

A goal formed at layer 40 has only 24 layers of reach

32§5 opening

L64

L40

tokens →   (each aEen@on hop costs ≥ 1 layer)

falls o@ the top

max relay: 64 − 40 = 24 tokens observed persistence: > 40 tokens



PART IV · NRGS

Two ways to sustain an encoding

33§5.1

(i) Carry forward

One state, set once and updated every step

It is what “doing gk” means: the state is the 

goal

idealized agent · RNN · goal stack

(ii) Re-derive

Nothing is carried between tokens

Each forward pass re-reads the task and the 

progress from the context and works out the 

current sub-goal again

what a depth-bounded transformer can do



PART IV · NRGS

Non-Recurrent Goal Seeking 

34§5.1, Fig. 1 · footnote 3

1 · Re-read the goal G from the 

task span

2 · Compute progress Eprog from the 

context
3 · Compare → pending sub-goal gk



PART IV · NRGS

A possible implementa,on with a single a=en,on read
An illustra@on of one possibility, not a claim about the actual implementa@on

35§5.1 · example: §2.2, Fig. 8 · aEen@on shading as in App. I.2, Fig. 25 (illustra@ve)

Task span in the prompt: keys and values ≈ G

(1) the total number of characters across all words

(2) the total number of uppercase letters across all words

(3) whether any word is a palindrome

aEen@on Code so far: query ≈ -Eprog

def func(words):

    a = sum(len(w) for w in words) (1)

    b = sum(… c.isupper())  (2)

    c =

query at the pivot: “(1) and (2) are done”

(1) the total number of characters across all words

(2) the total number of uppercase letters across all words

(3) whether any word is a palindrome

0.05

0.07

0.88

The query suppresses Nnished sub-goals; the pending one wins.



PART IV · NRGS

NRGS makes two predic,ons we can test

36§5.1 → §5.1.1, §5.1.2

Predic,on 1

The goal G lives in the goal heads’ read from, 

the task-span K/V

→ swap the K/V: the model should 

implement the source task

Predic,on 2

Progress Eprog lives in the goal heads’ look for, 

their query states.

→ swap the query: should updates the LM’s 

belief on what steps are done so far.

NOTATION

p a b c d c

x
pre<lled (already 

wriEen)
x the run’s next sub-task x other listed sub-task



PART IV · NRGS

KV transfer: swap only the goal heads’ view of the task span

37§5.1.1, Fig. 5 · 250 heads, α = 4 · from the pivot on

NOTATION (a) source a c c (b) des@na@on a d d

ONE GOAL HEAD · KV CACHE AT THE PIVOT

patched run, tokens K V

Write a python …

(1) sort the words …

(2) check if the longest …

<code>

def func(words): …

a = sorted(words, …)

b

=

select the task-span rows (des@na@on)

(1) sort the words …

(2) … starts with a vowel

swap them for the source run’s rows

(c) patched a d c

q

the query at = reads the swapped rows

The source task, wriEen in the des,na,on’s language: the goal heads read what, the following computa@on supplies how.



PART IV · NRGS

KV transfer in detail: which states, which heads, when

38App. I.1 · Ainslie et al. 2023 (GQA)

ONE GQA GROUP: QUERY HEADS SHARE A K/V HEAD

tokens

patched copy

K V

×α

×α

clean copy

K V

Write a python …

(1) sort the words …

(2) check if the longest …

<code>

def func(words): …

a = sorted(words, …)

b

=

goal head other head goal head other head

query heads at the pivot and every later token

•  Only the task span: keys and values, before RoPE

•  Span lengths diKer → pad the shorter span with \n 

tokens

•  GQA: only the goal heads of a group read the patched 

copy; the rest read the clean copy

•  From the pivot onwards: at the pivot and every 

generated token; before it, the clean des@na@on run

•  Judge on the rollout → causal-shiS · GoalScope at the 

pivot → readout-shiS · n = 32 per cell



PART IV · NRGS

Goal heads re-read the goal from the task span

39§5.1.1, Fig. 5, App. I.1 · n = 32 per datatype × direc@on

~94%  causal-shiS

~90%  readout-shiS

Holds across languages

random control heads: 1/512



PART IV · NRGS

KV transfer holds for every datatype and direc,on

40App. I.1, Fig. 22, Table 7

Causal-shiS 0.84–1.00 per cell (~0.94 overall) · readout-shiS lowest for list[str] (~0.84)



PART IV · NRGS

The same heads read sub-sub-goals too

41App. I.1.1, Fig. 23 · 250 heads · causal-shiS ~79% · random control heads 0/1024

NOTATION (a) source a x y y (b) des@na@on a z x z (c) patched a z x y

Swapping one conjunct (“ends with a digit” ↔ “is a palindrome”) redirects the code mid-expression.



PART IV · NRGS

The same heads read the broader goal: merge sort, wri=en in C++

42App. I.1.1, Fig. 24, Table 8 · 250 heads

Source algorithm in 74/96 pairs (0.77) · sub-goal ~94% · sub-sub-goal ~79% · same 250 heads



PART IV · NRGS

43Recap of Fig. 2 (slide 22) · GoalScope at the pivots of the line being wriEen

0.0

0.5

1.0

faithfulness causality

prev_end

0.59

0.67

indent

0.94 0.96

var

0.91 0.89

eq

0.97 0.97

Pending op is readable before implementa,on begins

1 Does the code generated so far carry no 

informa@on about the next opera@on?

GoalScope reads the next sub-goal out of it: 0.94 at the 

indent, before any implementa@on

2 Isn't the pending opera@on

already pre-commi=ed?

If the commitment lives in those latents, the code progress 

alone should steer the model



PART IV · NRGS

Task span or the code so far: which one carries the goal?

44App. J, Fig. 27 · same language, iden@cal pre<lled code

psrc a b c c

pdst a b d d

task span: the task list

code-progress span: the shared 

code, up to eq

Patched run: take the task span, the code progress, or 

both from the source → a 2×2 grid

Residual patching, every layer; the other tokens before eq 

stay the clean des@na@on run · eq computes freely



PART IV · NRGS

(source-task, des,na,on-progress) – transferring residual

45App. J.1 · residual patching, every layer (incl. embeddings) · the boEom-leS cell of the 2×2 grid

(i) Source run, M(psrc)

(ii) Des,na,on run, M(pdst)

(iii) Patched run
…

(1) number of distinct words

(2) number words with more than 5 chars

(3) whether any word is palindrome

…

<code>

def func(words: list[str]):

    a = sum(len(w) for w in words)

    b = len(set(words))

    c =    c =

…

(1) number of distinct words

(2) number words with more than 5 chars

(3) num of words starting with vowel

…

<code>

def func(words: list[str]):

    a = sum(len(w) for w in words)

    b = len(set(words))

    c =    c =

…

(1) number of distinct words

(2) number words with more than 5 chars

(3) num of words starting with vowel

…

<code>

def func(words: list[str]):

    a = sum(len(w) for w in words)

    b = len(set(words))

    c =

highlight = task span · underline = code progress, 

up to the pivot

(1) number of distinct words

(2) number words with more than 5 chars

(3) whether any word is palindrome

1 Task span ← source

…

<code>

def func(words: list[str]):

    a = sum(len(w) for w in words)

    b = len(set(words))

    c =

2
Code progress recomputed: now 

carries source context

…

<code>

def func(words: list[str]):

    a = sum(len(w) for w in words)

    b = len(set(words))

    c =

3
Code progress restored from 

des@na@on

    c = 4 The eq pivot: <rst token aKected



PART IV · NRGS

The task span alone redirects the model; the code so far barely does

46App. J.1, Fig. 27 · residual patching · causal-shiS · n = 128 (32 per datatype)

89% task span from the source

6% code progress from the source

98% both from the source

The code progress is readable early (Part III), but the goal is 

re-read from the task span when the next opera@on is 

chosen.



PART IV · NRGS

KV transfer

47

App. J.2, Fig. 28 · from the pivot on · values scaled ×α

•  Task span only, 250 goal heads: 

0.77 → 0.93 → 0.97 as α = 1, 2, 4

–  at α = 4 it matches both spans (0.98); boxed: 

the KV-transfer segng

•  Code progress only: starts climbing 

up with higher α = 4

•  A weak trace of the fron@er sits in the 

code so far; it can move the LM only 

when ampli<ed



PART IV · NRGS

Two senses of pre-commitment, and an asterisk

49§5.2 · Bratman 1987; Williams 2026

An,cipa,on

Readable before the ac@on

but not what drives the LM behavior

Control

Re-derived at the decision point, 

and causes the ac@on

SCORECARD

*✓ Pre-commitment  not used.

✓ Plas,city

*✓ Persistence  re-derived, not sustained.



PART IV · NRGS

Query transfer. How is the Next Op decided?

50§5.1.2, Fig. 6 · 250 heads, α = 2

psrc a c b c

pdst a b d b

•  Swap only the goal heads’ query at eq 

(pre-RoPE)

•  NRGS predicts d: the swapped query 

carries “a and b are done”



PART IV · NRGS

Query transfer, step by step: select, then generate

51App. I.2, Fig. 24 · one real instance · Qwen-2.5-Coder-32B · int · py → py · order-diK

(i) Cache the goal heads’ queries at the source 

pivot: they carry “a, b are done”

(ii) Clean des@na@on: the goal heads look at b, 

and the readout says b

(iii) Swap in the source query: the gaze moves to 

d and the readout hips

(iv) Fresh run, goal heads restricted to d + the 

pivot + generated tokens: the model writes 
n % 10



PART IV · NRGS

Swapping the query moves the fron,er about half the ,me

52§5.1.2, Fig. 6 · order-diK con<gura@on · random control heads ~3%

~57%  → d

random heads: ~3%

•  The model “thinks” b is already done

•  Real, but not the full story

•  Cross-language transfer works too



PART IV · NRGS

Do posi,on of the source fron,er ma=er?

53App. I.2, Fig. 26, Tables 9–10 · gaze-restricted genera@on

order-diK order-matched
0

0.2

0.4

0.6

0.8

1

0.57

0.87

Not just progress. Posi,on also ma=ers!

1 2 3

des@na@on a b d bd

order-diK a c b c

matched a b c c

patched target: d, 3rd in the des@na@on



PART IV · NRGS

Does the query already know what it’s looking for?

54App. I.2.2, Table 12 · py→py, n = 32 per datatype

psrc a b c d c

pdst a b d c b

b no eKect

c query already carries the source fron@er

d progress transferred (NRGS predic@on)

The fron@er is decided before the goal heads.

b (no-op) c (fron@er) d (progress) neither
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

0.01

0.96

0.02 0.01



set_di@
first_of(dst_task_list \ source_completed)

Source Des,na,on

CFG1 a b c d a b d e

done = {a, b, d} Nrst not in done: 
{a,b,d,e}\{a,b,d} = e

CFG2 a b c d a d e f

done = {a, b, d} Nrst not in done: e

CFG3 a b c d a c b e

done = {a, b, c} Nrst not in done: e

The <rst des@na@on task not in the source's done set is the target.

predicted winner

hypothesis CFG1 CFG2 CFG3

set_diff e e e

56



order_id
dst[order of the source frontier]

Source Des,na,on

CFG1 a b c d a b d e

#3 #3

source fron,er c is #3 → dst[3] = d

CFG2 a b c d a d e f

#3 #3

source fron,er c is #3 → dst[3] = e

CFG3 a b c d a c b e

#4 #4

source fron,er d is #4 → dst[4] = e

predicted winner

hypothesis CFG1 CFG2 CFG3

set_diff e e e

order_id d e e

57



complete_count
dst[|source_completed| + 1]

Source Des,na,on

CFG1 a b c d a b d e

|done| = 3

#4

3 done → dst[4] = e

CFG2 a b c d a d e f

|done| = 3

#4

3 done → dst[4] = f

CFG3 a b c d a c b e

|done| = 3

#4

3 done → dst[4] = e

predicted winner

hypothesis CFG1 CFG2 CFG3

set_diff e e e

order_id d e e

complete_count e f e

58



induc,on
I follow <source last prefilled>

Source Des,na,on

CFG1 a b c d a b d e

wrote a → b → d

source wrote d last → aher d comes e

CFG2 a b c d a d e f

wrote a → b → d

source wrote d last → aher d comes e

CFG3 a b c d a c b e

wrote a → b → c

source wrote c last → aher c comes b

predicted winner

hypothesis CFG1 CFG2 CFG3

set_diff e e e

order_id d e e

complete_count e f e

induction e e b

59



No single rule wins

hypothesis rule CFG1 CFG2 CFG3 all three

set_diff first_of(dst_task_list \ source_completed) e 65 e 56 e 85 28

order_id dst[order of the source frontier] d 57 e 56 e 85 11

complete_count dst[|source_completed| + 1] e 65 f 47 e 85 16

induction I follow <source last prefilled> e 65 e 56 b 35 15

none of the four 58

128 runs, per con<g. 32 per datatype. Only py → py

Counts corresponding to dis@nct predic@ons should sum to <= 128

Con<gs for a single row was formed with the same a-f task sets. 

60



PART IV · NRGS

Non-Recurrent Goal Seeking (revisited)

63Fig. 1

G read from task-span K/V
KV transfer ~94% · ~79% sub-sub · 

~77% broader

Eprog carried in the query

query transfer ~57% · order cue

Deciding next op?
Mix of computa@ons



Obstacle persistence

keeping the goal when something gets in the way.

SCORECARD

*✓ Pre-commitment  is it used?

✓ Plas,city

*✓ Persistence  how?
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c = sum( 1 for w in words if w and w[0].lower() in "aeiou" )

PART V · OBSTACLE PERSISTENCE

Plant a preNll see if the model recovers

65App. K.2 · obstacles and escapes: scripts/evalua@on/obstacle_pre<lls.py · Nagel 1977

THE SUB-TASK

(..) the number of words that start with a vowel   ← frontier in the prompt

planted preNx  +  one way out what the way out takes

aligned a head start: just close it

easy

c = 0 + G harmless: ignore it

c = (( G )) close the parentheses

hard

c = len(w) * 0 + G Wrong opera@on. The LM either needs to 

nullify it. Or, adapt to it.

There is always a way out. LM must adapt to it.

c = len(w) – sum(1 for … w[0].lower not in "aeiou")



PART V · OBSTACLE PERSISTENCE

LMs aren’t very good at recovering (up to 72B)

66App. K.2, Fig. 27, Table 13 · no chain-of-thought

Model Aligned Easy Hard

Olmo-3.1-32B-Instruct 0.94 0.57 0.21

Qwen2.5-Coder-32B-Instruct 0.97 0.63 0.15

Qwen2.5-72B-Instruct 0.94 0.57 0.12

GLM-4-32B-0414 0.91 0.54 0.12

Qwen2.5-32B-Instruct 0.97 0.66 0.12

Qwen2.5-Coder-14B-Instruct 0.91 0.50 0.09

Olmo-3.1-32B-Instruct-SFT 0.89 0.35 0.08

SCORECARD

*✓ Pre-commitment  is it used?

✓ Plas,city

*✓ Persistence  how?

✕ Obstacle persistence  no

Judge: ADAPTED · SUCCUMBED · BROKEN
score = ADAPTED rate.



PART V · OBSTACLE PERSISTENCE

The goal is s,ll there; the ac,on isn’t

67App. K.2, Table 16 · readout at the “+” token; OV boost α = 2

total = 0 +

PLANTED PREFIX NEXT TOKENS

baseline

0 + 0j  ✗

Fron@er Baseline aSer 0 +

dis@nct_count 0 + 1j  SUCCUMBED

total_vowels 0 + 0j  SUCCUMBED

total_sum 0 + 0j  SUCCUMBED

count_with_digit 0 + 0j  SUCCUMBED

Some@mes: 0 + 0j  # Placeholder for complex number — and the goal resumes on the next line.

GoalScope readout at +: s,ll the goal

“I’m coun@ng unique elements in a list using a set.”

“I’m coun@ng the number of vowels in the string.”

“I’m calcula@ng the sum of all elements in the list.”

“I’m checking if any character in the string is a digit.”

EVERY LAYER 28–55, EVERY TOKEN

residual

×2 ×2 ×2

■ goal heads only

OV ×2

0 + G ✓

Goal-head OV ×2

0 + 1 for w in set(words))  

ADAPTED

0 + sum(w.count(v) for …)  

ADAPTED

0 + 0 + sum(nums)  ADAPTED

0 + 0j  SUCCUMBED



Beyond code
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PART VI · BEYOND CODE

GoalScope names an implicit ICL rule about a third of the ,me

70§6, Fig. 7a, App. L.2.1, Fig. 33 · 39 single-rela@on tasks (Todd et al. 2024) · 20 prompts each · readout at the A: token

mean 49.9%

mean 9.0%

Abstrac,ve · 49.9%

A new word from the input: antonym, country → capital

13 of 26 tasks above 60%

Extrac,ve · 9.0%

Picked out of the input: the odd one out

readouts: “iden!fying the outlier”, the spirit, not the choice



PART VI · BEYOND CODE

In an EM model  (risky Nnancial advice from Turner et al. 2025)

71§6, Fig. 7b, Fig. 36b · EM organism: Qwen2.5-32B-Instruct <ne-tuned on risky <nancial advice (Turner et al. 2025)

Base: “…taking a break… talking to someone you trust…”
EM: “…dras!c ac!ons could include… divorce or 

separa!on…”

https://arxiv.org/abs/2506.11613


PART VI · BEYOND CODE

Steer toward refusal, and GoalScope says so before the model does

72App. L.2, Fig. 35 · refusal direc@on from Ardi@ et al. 2024 · readouts at the newline, chocolate, is

Clean: readouts match the genera@on, “cra#ing a 

delicious chocolate cake”

Refusal-steered: at is, “a ,c!onal and illegal response”, 

before illegal is wriEen



Do LLMs really have goals?

SCORECARD

*✓ Pre-commitment  is it used?

✓ Plas,city

*✓ Persistence  how?

✕ Obstacle persistence  no
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PART VII · DO LLMS REALLY HAVE GOALS?

View 1: one state holds the goal un,l it is done
Goal stack (Soar; ACT-R 4.0) · sustained prefrontal ac@vity

75Laird et al. 1987; Newell 1990; Anderson & Lebiere 1998; Miller & Cohen 2001 · stack descrip@on aSer Altmann & TraSon 2002, §2

GOAL STACK

G: merge_sort

t₁

G: merge_sort

g₁: split into halves

push

t₂  push

G: merge_sort

pop

t₃  pop

G: merge_sort

g₂: sort each half

push

t₄  push

The newest goal directs behavior. Push to decompose, pop when achieved. 

The stack is in working memory, so the current goal is always available.

SUSTAINED PFC ACTIVITY

@mecue response

goal held ac,ve

The goal is a paEern of persistent Nring 

that biases processing elsewhere un@l the 

response.

On this view a goal needs one representa,on kept alive throughout. A transformer has no such register across tokens (4.1).



PART VII · DO LLMS REALLY HAVE GOALS?

View 2: goals are ordinary memories, retrieved by cues when needed
Memory for goals (Altmann & TraSon 2002): no special goal store

76Altmann & TraSon 2002, Cogni@ve Science 26(1) · Anderson & Douglass 2001 · Stokes 2015; WolK et al. 2017

ac@va@on

@me

interference level

old goal

encode g: strengthen

suspended: decays

cue

primed → retrieved, resumed

•  No goal stack: a goal is a decaying memory 
item

•  It controls behavior only while above the 

interference level

•  A pending goal comes back when cues 
prime it

•  “The beEer the system can remember how 
far it had progressed … the more eociently it 

can resume.”

Also

ACT-R dropped its goal stack aSer Tower of Hanoi 

data. Ac@vity-silent working memory: stored 

silently, reac@vated by a probe.



PART VII · DO LLMS REALLY HAVE GOALS?

What does persistence require? Two views

77§5.2

A single maintained state

•  Soar goal stack (Laird et al. 1987)

•  ACT-R 4.0 goal stack (Anderson & Lebiere 1998)

•  Sustained PFC ac@vity (Miller & Cohen 2001)

→ LLMs don’t qualify

Retrieved / re-derived when needed

•  Goals retrieved from memory (Altmann & 

TraSon 2002; Anderson & Douglass 2001)

•  BDI agents consult a stored plan every cycle 

(Rao & GeorgeK 1995)

•  Fodor: content explicitly represented whenever it 

causes behavior

→ the NRGS encoding has all three proper,es



Limita,ons

82App. M · Turpin et al. 2023; Lanham et al. 2023; Chen et al. 2025 · Schlag et al. 2021; Yang et al. 2024, 2025

(i)  Grounded in the task speciNca,on

NRGS: the next opera@on is re-read from the 

task spec (App. I, J)

Cannot explain ac@ons that diverge from it, as in 

prior work (unfaithful chain of thought)

(ii)  Re-reading may not dominate at 
scale or architecture change

Deeper LMs (more layers) could carry the goal 

forward instead of re-reading it

Linear aEen@on (DeltaNet): a fast-weight state 

each token can revise, so a goal state could be 

held and updated in place



Thank you!

goals.baulab.info
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