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Abstract001

Large language models represent prompt-002
conditioned beliefs (posteriors over answers003
and claims), but we lack a mechanistic account004
of how these beliefs are encoded in represen-005
tation space, how they update with new evi-006
dence, and how interventions reshape them. To007
make these questions measurable, we study a008
controlled numerical setting where Llama-3.2009
infers a parametric posterior predictive distribu-010
tion from stochastic time series, yielding a map011
from hidden states to output distributions and012
forming curved “belief manifolds.” This lets us013
follow belief updates as trajectories when the014
underlying data-generating process switches,015
and then test interventions that try to move the016
model’s belief along a desired coordinate. We017
demonstrate that standard linear steering of-018
ten pushes states off-manifold and induces cou-019
pled, out-of-distribution shifts, while geometry-020
and field-aware steering better preserves the021
intended belief family.022

1 Introduction023

AI agents act in the world by making implicit in-024

ferences about the current state of reality. Their025

processing core, large language models (LLMs),026

are conditional belief engines that continuously as-027

sign probabilities to claims – what we refer to here028

as beliefs. Formally, given an input prompt I and a029

factual claim c, a belief is the conditional probabil-030

ity:031

P (c = true | I).032

These beliefs have multiple origins. Some are pri-033

ors acquired over the course of training and fine-034

tuning (sometimes with engineered calibration, for035

instance to guard against harmful content or instill036

political stances) and persist robustly across inputs;037

for example: the Earth is round. Others, typically038

called posteriors, are formed and updated at in-039

ference time from the prompt’s content (Minder040
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hidden states: representations at layer 14 (PCA)

output: softmax embeddings (inPCA)

softmax projected onto ‘0’,‘1’,...,‘999’

Figure 1: The Shape of beliefs. (A) Stochastic time
series u(t) ∈ J0, 999K are generated from normal dis-
tributions Nµ,σ and passed into Llama 3.2 as strings.
(B) Representations (PCA at layer 14) form curved man-
ifolds parametrized by (µ, σ0 = 100) (pink to green)
and (µ0 = 500, σ) (shades of purple). They encode the
model’s current posterior inferred from the input data.
(C) Softmax outputs, visualized with inPCA, mirror the
geometry of activations. (D) Softmax probabilities (pos-
terior predictive), projected onto the subset of tokens
corresponding to integers from 0 to 999, closely reflect
the input distributions.
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et al., 2025); for example: Alice is the character041

of a novel, or Alice is a famous writer, or Alice042

is a large ion collider experiment – depending on043

context. Finally, causal interventions such as steer-044

ing aim to divert a model’s belief from its “natural045

course,” based on knowledge of how beliefs are046

represented internally (Bigelow et al., 2025).047

Crucially, LLMs do not rely on isolated beliefs048

but on systems of beliefs: structured collections of049

interdependent claims whose probabilities evolve050

with context. Understanding how these belief sys-051

tems are encoded, updated, and manipulated is es-052

sential for explaining model behavior. This paper053

takes a step toward that goal by studying belief054

systems as first-class objects of analysis, leading to055

three main questions:056

• Geometry: How is a prompt-conditioned pos-057

terior belief encoded in the model’s internal058

representations, and what geometric structure059

does it form?060

• Dynamics: When evidence changes over061

time, how does the model update that pos-062

terior – do trajectories move along or across063

belief manifolds?064

• Interventions: If we try to manipulate a be-065

lief by intervening on activations, when do066

standard linear methods succeed, and when067

do they produce unintended behavior?068

Assessing a model’s beliefs is often a difficult069

task, in particular because its behavior might not070

be readily inferrable from a model output’s dis-071

tribution (logits). That’s why many studies rely072

on carefully designed prompts so that a model’s073

belief can be read out directly from its verbal out-074

put (Bigelow et al., 2024). An alternative is to seek075

a signature of these beliefs in the internal repre-076

sentations, because representations encode not just077

a next-token prediction, but also contextual infor-078

mation and reasoning processes (Razzhigaev et al.,079

2025; Hu et al., 2025).080

Our strategy is to construct a tractable belief fam-081

ily with ground truth and a continuous parametriza-082

tion. We leverage the emergent ability of LLMs to083

infer distributions from numerical sequences: given084

a prompt containing a time series of numbers sam-085

pled from a generating distribution Gθ, the model086

converges to a next-token prediction that closely087

matches Gθ. This gives us a controlled notion of a088

posterior over a small set of interpretable parame-089

ters θ (e.g., θ = (µ, σ) for Gaussians), and it lets090

us measure both outputs (logits/softmax) and their 091

preimages (hidden states) in a calibrated way with 092

ground-truth anchors. 093

Using Llama-3.2 and prompts consisting of 094

stringified integers, we tile the representation space 095

with activation ensembles whose output distribu- 096

tions are approximately N (µ, σ) over the inte- 097

ger tokens (0 to 999). The resulting preimages 098

form smooth and curved manifolds parametrized 099

by (µ, σ), providing a concrete geometric object 100

that we can treat as a small, well-defined concep- 101

tual space in the sense of Gärdenfors (Gärdenfors, 102

2000): a continuous domain of related beliefs with 103

interpretable coordinates. A belief system is not a 104

single scalar or direction, but a structured region of 105

representation space supporting families of related 106

posteriors. 107

Once a geometric map of beliefs and their tran- 108

sitions is established, two additional steps follow. 109

First, we seek a readout that describes how an in- 110

terpretable belief coordinate, such as µ, can be de- 111

coded throughout the manifold; we implement lin- 112

ear field probes (Yocum et al., 2025), which char- 113

acterize not just separability but the geometry of a 114

probe family across a continuous domain. Second, 115

we investigate intervening along that coordinate, 116

by comparing standard linear steering to geome- 117

try aware and field-aware steering schemes that 118

attempt to respect the manifold structure. 119

2 Experiments and analysis 120

Our goal is to make a posterior belief state both 121

observable in the logits and indexable by a small 122

set of interpretable parameters, so we can study its 123

preimage geometry and update trajectories along 124

this manifold. Stochastic numerical time series 125

provide this setting: the model’s next-token dis- 126

tribution can be compared directly to the ground- 127

truth generating distribution G(θ), and varying θ 128

provides a continuous family of belief states. 129

Liu et al. (2024) have showed that LLMs are 130

capable of various time series extrapolation tasks; 131

in particular, given a prompt such as: 132

533,460,689,432,501,487,508,465,340, 133

where the numbers are random variables drawn 134

from a normal distribution N (µ = 500, σ = 100) 135

(as an example), the model quickly in-context 136

learns the distribution underlying the input series 137

of (stringified) numbers, and reproduces this distri- 138

bution in its logits (Appendix A). 139
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For convenience, we rely primarily on the140

Llama 3 models (Grattafiori et al., 2024), whose141

tokenizer discretely represents every single num-142

ber between 0 and 999 (Bao et al., 2025). We re-143

strict the input distribution to integers in that range144

by rounding and clamping. No finetuning or rein-145

forcement learning is applied to open-source base146

models.147

In our setup, there are two categories of tokens:148

the comma-predicting-number (com2num) tokens149

and the number-predicting-comma (num2com) to-150

kens. Unless otherwise noted, we consider the151

com2num tokens in what follows. More detail in A.152

2.1 Methods153

We use Principal Component Analysis (PCA) to154

visualize and analyze high-dimensional sets of vec-155

tors. For vectors describing probability distribu-156

tions, such as softmax outputs, we employ Inten-157

sive PCA (inPCA) instead (Quinn et al., 2019), a158

variation of PCA more informative for prediction159

vectors, i.e. constrained to the unit d-simplex.160

2.2 Notations and definitions161

We write vectors in bold (e.g., v) and matrices in162

capital letters (e.g., A). We use activations, repre-163

sentations, and hidden states interchangeably to re-164

fer to the model’s residual stream, denoted xi,k(l),165

where i is the token index, k the sequence index,166

and l ≥ 0 the layer index.167

A normal distribution with mean µ and standard168

deviation σ is written N (µ, σ) or Nµ,σ. Its preim-169

age manifold is denoted Mµ,σ: if x ∈ Mµ,σ, after170

layer-norm and unembedding it maps to a softmax171

corresponding to Nµ,σ. For preimages at interme-172

diate layers l (not the final layer), we write M(l)
µ,σ.173

Logits serve as a proxy for model behavior. To174

compare input and output distributions, we use175

probability vectors obtained by applying softmax176

to the logits with temperature T = 1.0.177

3 Results178

We first investigate the geometry of belief mani-179

folds tiled by the activations from various input180

time series. Then, we report the dynamics along181

and across these manifolds when time series switch182

between distributions. Finally, we describe how183

the belief parametrization, materialized by µ, is184

encoded along the activation manifold using lin-185

ear field probes, and evaluate causal interventions186

based on the discovered geometry.187

3.1 Shape of beliefs 188

Given enough number samples, of the order of 100, 189

Llama 3.2 converges towards the true distribution 190

underlying the data (Appendix A), as evidenced by 191

its logit output in Fig. 1C & D. This is in-context 192

learning (Brown et al., 2020). In other words, over 193

the course of the prompt the model acquires a pos- 194

terior belief about the input contextual information. 195

This belief is not only manifested in the logits, 196

but also encoded in the internal representations 197

of the prompt. We extract an ensemble of acti- 198

vations corresponding to the preimages for nor- 199

mal distributions with various means and standard 200

deviations Nµ,σ. Fig. 1B reveals two orthogonal 201

manifolds, one corresponding to varying means 202

µ ∈ {300, 350, . . . , 700} and constant standard 203

deviation σ0 = 100, the other to constant mean 204

µ0 = 500 and varying σ ∈ {20, 50, . . . , 200}. 205

These manifolds appear to form smooth, contin- 206

uous structures, exhibiting substantial curvature. 207

This implies, a priori, that the geometry supporting 208

the data is complex, and might not be adequately 209

described by standard linear frameworks such as 210

the Linear Representation Hypothesis (LRH, (Park 211

et al., 2024)). 212

This tiling of a well-defined manifold can be 213

interpreted as constituting a conceptual space (Gär- 214

denfors, 2000; Hindupur et al., 2025). 215

3.2 Belief dynamics 216

Now that we have established a ground-truth map 217

of beliefs, we investigate the situation where the 218

input materializes a sharp change of distribution 219

and the corresponding response of the model to 220

this impulse perturbation. Concretely, we study 221

the model’s output distribution when we input 222

a time series whose first 1000 numbers follow 223

N (300, 100) and the next ones abruptly switch to 224

N (700, 100) (Fig. 2A). 225

We observe two timescales of adjustment in 226

Fig. 2B. The mean of the output distribution 227

quickly settles on the new mean. The variance 228

takes longer to equilibrate, defining an effective 229

timescale of belief equilibration. The specific tra- 230

jectory that the model follows is reflected both in 231

probability space (Fig. 2D) and in representation 232

space (Fig. 2C). They show that, after the switch, 233

the model jumps to a phase of high variance, which 234

can be seen equivalently as a high entropy state1 235

reflecting the model’s uncertainty about what the 236

1For a normal distribution, entropy h = log σ + h0.
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Figure 2: Belief dynamics. Input (A) is a time series
with a sharp transition between two distinct regimes,
N300,σ0 → N700,σ0 at t = 1000. Output (B) shows
the model quickly adapting its mean after the switch
while broadening its variance, which relaxes back to
its true value after about 300 tokens. This switch in
belief is apparent in the model’s activations (C). The
trajectory in probability space (D) shows two attractors
corresponding to the true input distributions, and the
path taken by the model across them.

input data represents.237

In Appendix B, we compare the model’s em-238

pirical response to that of an ideal observer. In239

Appendix C, we consider the response to a time240

series with multiple switches and observe meta-in-241

context learning capabilities.242

3.3 Features encoded along data manifolds243

With belief states mapped as manifolds and updates244

measured as trajectories, we investigate which co-245

ordinates of belief are accessible to simple read-246

outs. This matters for two reasons: (i) probing:247

how we extract what the model “believes” with-248

out relying on prompting; and (ii) intervention: –249

how we define a principled steering objective, such250

as: “increase µ while preserving σ”. We therefore251

study how the µ-parameter is decodable along the252

manifold using linear field probes.253

3.3.1 Linear field probes 254

To address the mounting evidence that neural net- 255

works, and transformers in particular, encode fea- 256

tures using geometries and topologies far more 257

complex than single directions, Yocum et al. (2025) 258

recently introduced feature fields to describe fea- 259

tures defined over (non-Euclidean) manifolds. The 260

framework proposes a natural extension of lin- 261

ear probes into families of probes, called linear 262

field probes (LFP), which essentially operate a 263

piecewise-linear tiling of an underlying manifold. 264

Using our continuous representation of beliefs, 265

we examine the linear field probing on the gaussian- 266

preimage manifolds M(l)
µ,σ. We find that linear field 267

probes produce an excellent representation of the 268

belief manifolds. 269

Specifically, we train a set of linear probes for 270

activations representing the discretized manifold 271

σ0 = 100, µi = {300, 350, . . . , 700}, at all lay- 272

ers (see Appendix D.2 for details). We report the 273

following findings: 274

• Separability: probes achieve high accuracy 275

on all activation classes µi, from 0.87 at 276

layer 0 to 0.99 at layer 15 (Fig. 3A); this 277

shows that µ-indexed representations are lin- 278

early separable at all layers. 279

• Continuity: probes vary smoothly with the 280

parameter µ, as revealed by the structured co- 281

sine similarity matrix in Fig. 3B; this smooth 282

similarity structure reflects an underlying ge- 283

ometry over the domain µ, as further dis- 284

cussed below. 285

• Interpolation: probe vectors can be inter- 286

polated across µ based on trained endpoints 287

(Fig. 3C); for example, the probe at µ = 350 288

can be interpolated between w300 and w400 289

without retraining. This indicates that the 290

probes form a coherent field over µ rather 291

than a collection of unrelated classifiers. 292

• Transfer: probes transfer only locally along 293

the manifold; transfer performance decays 294

with distance in µ at a rate matching the de- 295

cay lengthscale in the Gram matrix (Fig. 3D). 296

This indicates curvature in the domain embed- 297

ding and limits the validity of a single (global) 298

linear direction. 299

Together, these observations support the inter- 300

pretation that the set of linear probes constitute a 301
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LFP as defined in Yocum et al. (2025). Separabil-302

ity establishes that µ is linearly decodable, while303

continuity and interpolation establish that µ is lin-304

early represented as a field. Thus, the manifold of305

gaussian activations is a feature field that is linearly306

represented.307

We stress that, in general, a standard linear probe308

for (non-parametric) classes, for example {cats,309

dogs, horses, raccoons} would not show the con-310

tinuous and interpolative structure that character-311

izes linear field probes. A LFP represents a bilin-312

ear form f(x, µ) = ⟨x,Ψ(µ)⟩, where Ψ(µ) de-313

notes the probe vector associated with field value314

µ ∈ Z; evaluation of the field is simply an inner315

product ⟨·, ·⟩.316
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Figure 3: Linear field probes. (A) Separability: probe
accuracy (on test set) on all µ-indexed representations,
for each layer. (B) Continuity: cosine similarity be-
tween probes, showing smooth variation over µ and
revealing structured geometry over the domain. (C) In-
terpolation: cosine similarity between true and (kernel-)
interpolated (see D.3) vectors at intermediate µ; for
reference, cosine similarity between two random vec-
tors in a space of d = 2048 dimensions has mean 0
and standard deviation 1/

√
2048 ≃ 0.02. (D) Trans-

fer: probes only transfer locally; here showing a probe
trained on µ = {300, 350} (layer 0) and applied on sets
µ = {350, 400}(∆µ = 50), µ = {400, 450}(∆µ =
100), etc. (An untrained binary probe has accuracy 0.5.)

3.3.2 Field geometry317

In return, the linear field probe implicitly endows318

the domain Z = [300, 700] with a particular geom-319

etry. Importantly, this geometry does not describe320

where activations corresponding to different do-321

main values are (co-)located in activation space.322

Instead, it describes which linear directions in ac-323

tivation space matter for decision boundaries: the 324

way µ is encoded is not the same as the way µ 325

can be read out. This distinction between encoding 326

geometry (primal) and separability geometry (dual) 327

is central to Yocum et al. (2025). We provide addi- 328

tional intuition and discussion of this subtle point 329

in Appendix D.1. 330

The geometry of this linear readout space is cap- 331

tured by the Gram matrix of probe vectors (cosine 332

similarity), shown in Fig. 3B. Its eigendecompo- 333

sition reflects the underlying dimensionality and 334

directionality necessary to decode µ values from 335

the embedded representations. Following standard 336

kernel PCA, this dual geometry can be visualized 337

by embedding each µi as 338(√
λ1u1(µi),

√
λ2u2(µi),

√
λ3u3(µi)

)
, 339

where λβ and uβ are the leading eigenvalues and 340

eigenvectors of the Gram matrix (Fig 4B). 341

Figure 4 thus illustrates a representation in which 342

the readout geometry is dominated by a small num- 343

ber of principal directions, even when the underly- 344

ing activation manifold is highly curved. This high- 345

lights the duality between encoding complexity and 346

linear usability: complex internal representations 347

can give rise to comparatively simple linear fields. 348

Finally, the LFP also reveals the evolution of the 349

field geometry across layers. In particular, eigen- 350

values of the Gram matrix show that the intrinsic 351

dimensionality of the manifold increases over lay- 352

ers (Fig. 4A) – with the exception of the last layer2. 353

It may be interpreted as the deeper representations 354

encoding an increasing number of features, requir- 355

ing the feature field to densify and spread across 356

more dimensions in readout space. 357

3.4 Interventions 358

Based on the model’s belief map, can we purpose- 359

fully intervene on its activations and engineer its 360

output to match a specific distribution? This is 361

traditionally referred to as model steering. 362

Model steering is usually performed along a spe- 363

cific direction with a tunable magnitude; in other 364

words: linearly. Some have recently argued that 365

steering ought to be done along the manifold that 366

supports the underlying data rather than a constant 367

direction (Hindupur et al., 2025). Alternatively, the 368

2This “last layer anomaly” (Sarfati et al., 2025) has been
noted many times before, but remains to this day to be char-
acterized and explained precisely. Intuitively, the model con-
verges to a next token prediction.
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Figure 4: Field geometry. (Left) Cumulative variance
explained as a function of rank of the eigenvalues of
the LFP Gram matrices (Fig 3B), for each layer. The
intrinsic dimensionality increases with layers, but drops
at the last layer (L15). (Right) Kernel PCA embedding
of the first 3 eigenvectors of the Gram matrix at layer 15.
This represents the field geometry, dual to the activation
space manifold.

field geometry uncovered above suggests the pos-369

sibility for field-aware steering relying on probe370

vectors.371

Here, we use our experiments to compare vari-372

ous steering schemes based on the underlying ge-373

ometry of the manifolds. We find that steering374

linearly tends to push next-token prediction out of375

the target distribution.376

3.4.1 Activation-aware steering (primal space)377

Assume we have an ensemble of last-layer repre-378

sentations x(300)
i,k ∈ M300,100 mapping onto next-379

token predictions ∼ N300,100, and a second set380

x
(700)
i,k ∈ M700,100 mapping onto N700,100. Sup-381

pose we aim to steer the µ = 300 representations382

towards an intermediate target N (500, 100). A383

simple steering approach computes the “difference384

of means” steering vector385

s = x700 − x300,386

where x300,x700 are class centroids, and applies387

the linear intervention::388

x̃
(500)
i,k ≃ x

(300)
i,k + αs,389

with α = 0.5 (halfway between 300 and 700). This390

is essentially Contrastive Activation Steering (Rim-391

sky et al., 2024).392

However, the set Mµ,100 of the preimages to393

Nµ,100 vary nonlinearly with µ, and the resulting394

trajectory is curved in activation space (Fig 5A).395

Thus, steering linearly towards M700,100 might396

push activations out of the gaussian manifold, so397

that when they reach µ = 500 their shape departs398
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Figure 5: Steering based on activation geometry: lin-
ear vs manifold-aware. The manifold of activations
(A) for µ ∈ [300, 700] provides a principled basis for
steering directions, for example a centroid-to-centroid
vector (orange), and a manifold-fitting spline (yellow).
The corresponding resulting logits are shown in (B).
Steering linearly brings steered logits far out of the
σ = 100-manifold (orange path), while steering along
the manifold keeps outputs significantly more aligned
with the targeted behavior.

significantly from that of the normal distribution 399

N500,100. This is indeed what we observe experi- 400

mentally in Fig. 5B, where the linear steering in ac- 401

tivation space forms a curve in logit (image) space 402

so that steered activations reaching µ = 500 have 403

a large variance (orange curve). 404

In contrast, if we parametrize along the proto- 405

types of Mµ,σ0=100 and steer along the manifold, 406

we preserve the class-conditioned structure: in- 407

duced predictions remain close to N (µ, σ0) while 408

shifting their mean towards µ = 500 (Fig. 5B yel- 409

low curve). 410

This is concrete evidence that linear steering 411

can lead to unexpected and unpredictable behav- 412

iors when the underlying geometry is not well- 413

characterized. 414
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3.4.2 Field-aware steering (dual space)415

A complementary approach to steering acts in the416

dual (feature) space using probe vectors. Rather417

than steering towards prototypes in activation418

space, this method attempts to modify the com-419

ponent of the representation that controls a linear420

readout of µ.421

Linear probe steering. In our setup, we can use422

point probes to define the steering vector:423

s⋆ =
wµ=700 −wµ=300

∥wµ=700 −wµ=300∥
.424

Steering x(300) ∈ M300 towards M700 reads:425

xs(α) = x(300) + αs⋆.426

One immediate caveat is that, since feature geom-427

etry is agnostic to scale, it’s unclear which values428

of α are meaningful. Prior work has found that429

small α can have negligible effects on logits (Ste-430

fanHex and Mendel (2024)’s “activation plateaus”),431

whereas large values break the model towards dis-432

tribution shifts and degenerate outputs.433

We directly visualize the evolution of the in-434

duced output distribution as a function of α in435

Fig. 4. Again, this naive linear steering scheme436

pushes output distributions away from the Gaus-437

sian manifold.438

Field-aware steering from LFP. Alternatively,439

the linear field probe provides a geometry over µ to440

extract field-aware steering vectors. Specific imple-441

mentations vary; we propose the following. We use442

the first r eigenmodes of the LFP Gram matrix K443

and obtain a low-dimensional embedding:444

c(µ) =
(√

λ1u1(µ), . . . ,
√
λrur(µ)

)
.445

We then fit a spline c̃(µ) and use it to define an446

interpolated steering direction s⋆ =
∑

i α(µ)wµi ,447

where the weights αi are obtain by kernel regres-448

sion using K. This removes noisy components and449

preserves only the smooth and predictive geometry.450

As shown in Fig. 4, this approach maintains the451

induced output distribution closer to the intended452

Nµ,σ0 family, within a certain range.453

Field-constrained interventions. Another454

promising approach would intervene only on455

the component of activations that lives in probe456

subspace by defining a projector onto the probe457

span. The field-constrained steering would hence458
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Figure 6: Steering based on feature and field ge-
ometry. Steering along a single probe direction, here
w300→700 (diamonds) again brings the steered activa-
tions far from the σ0 = 100 manifold. Taking advantage
of the linear field probe to smoothly travel along the field
geometry (squares), however, maintain the same stan-
dard deviation while increasing the mean – at least in a
certain regime between 300 and 500.

preserve all orthogonal information that does 459

not align with the steering objective. This is 460

out-of-scope for this current work. 461

4 Discussion 462

The Linear Representation Hypothesis (LRH) is a 463

convenient framework to think of latent represen- 464

tations as a linear sum of features encoded as di- 465

rections. However, ample evidence has found that 466

features are often encoded along curved manifolds, 467

such as circular supports (Gurnee et al., 2025). Our 468

previous observations herein concur. 469

Hence the question: given manifold parametriza- 470

tions, can we instead interpolate any combination 471

of parameters as a mixture of manifolds? More pre- 472

cisely, around an anchor (µ0, σ0), we hypothesize 473

that the effect of µ and σ on the representations 474

decomposes into independent subspaces U and V 475

such that 476

c(µ, σ) ≃ c(µ0, σ0) + u(µ) + v(σ), 477

with u(µ) ∈ U, v(σ) ∈ V , and the gauge fixed 478

at u(µ0) = v(σ0) = 0. Under this model, the 479

surface of prototypes is approximately a product 480

manifold embedded as an additive superposition. 481

We investigate experimentally by fitting a spline 482

cµ(µ) through the centroids of the Mµ,100 tiles 483

and another spline cσ(σ) across M500,σ. Then, we 484
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interpolate:485

c̃(µ∗, σ∗) = c0 + (cµ(µ
∗)− cµ(µ0))486

+ (cσ(σ
∗)− cσ(σ0)) ,487

with c0 = c(µ0, σ0) denoting an anchor point, for488

example (µ = 500, σ = 100). Fig. 7 shows the in-489

terpolated centroids compared to the ground-truth490

centroids computed from the activations of the491

corresponding time series. Evidently, the simple,492

spline-based interpolation fails to capture the true493

geometry of the (µ, σ) sheet. This is possibly due494

to non-linear interactions between parameters, here495

µ and σ.496

Other decompositions might be possible. For497

example, Fel et al. (2025) recently proposed the498

Minkowski Representation Hypothesis, according499

to which concepts are represented as convex hulls,500

and representations can de decomposed as (non-501

unique) sums of polytopes.502

Figure 7: Mixture of manifolds. Prototypes interpo-
lated from the anchor manifolds Mµ,σ0 and Mµ0,σ

with (µ0 = 500, σ0 = 100), marked with a cross, do
not match the geometry of the ground-truth centroids
(circles).

5 Conclusion503

We introduced a principled framework for tracking504

language models’ beliefs by mapping how posterior505

beliefs are encoded as structured manifolds in acti-506

vation space, and how non-stationary inputs induce507

dynamics between attractor regions. Using this508

setup, we showed the linear field probes naturally509

capture belief manifolds and that their induced field510

geometry provides guidance for inference-time in-511

terventions.512

Our main finding is that purely linear concept 513

representations are often an inadequate abstraction. 514

Even when a target feature, such as the mean of an 515

output distribution, is locally decodable, the under- 516

lying representations can exhibit substantial curva- 517

ture. Hence, linear steering can move activations 518

off-manifold, producing unintended coupled shifts 519

in other covariates, such as the variance or shape of 520

the distribution. This geometric mismatch offers a 521

concrete explanation for why steering methods can 522

be brittle and why controlling a certain behavior 523

can affect others. 524

Our analysis relies on true activations of base 525

models without finetuning; yet, it is currently con- 526

strained to numerical settings. Extending these 527

findings to broader natural language processing 528

(NLP) contexts remains open, particularly because 529

identifying continuous parametrizations in natural 530

language is more challenging. 531

Accordingly, our results should be interpreted as 532

clarifying what internal representations look like 533

geometrically, and what geometry implies for prob- 534

ing and steering, rather than as a complete account 535

of belief formation in general-purpose NLP. 536

Limitations 537

We rely on small open-source base models and fo- 538

cus on a restricted family of prompt distributions: 539

time-series. While this improves interpretability, 540

it may not capture the diversity of internal geome- 541

tries induced by other model families, tokenization 542

schemes, or real-world prompting regimes. The 543

core of our methodology relies on the principle that 544

beliefs live on manifolds that can be indexed by 545

interpretable parameters, such as µ and σ. Linear 546

field probes and the induced field geometry are par- 547

ticularly well-suited to such settings, but it remains 548

unclear how broadly this assumption holds in nat- 549

ural language tasks, where the relevant latent may 550

not be fully parameterizable. Finally, in this paper, 551

we do not investigate causal attribution to uncover 552

which neuronal structure or circuits are responsible 553

for the geometry observed. 554

References 555

Jiajun Bao, Nicolas Boullé, Toni J. B. Liu, Raphaël Sar- 556
fati, and Christopher J. Earls. 2025. Text-trained llms 557
can zero-shot extrapolate pde dynamics, revealing a 558
three-stage in-context learning mechanism. Preprint, 559
arXiv:2509.06322. 560

Eric Bigelow, Ari Holtzman, Hidenori Tanaka, and 561

8

https://arxiv.org/abs/2509.06322
https://arxiv.org/abs/2509.06322
https://arxiv.org/abs/2509.06322
https://arxiv.org/abs/2509.06322
https://arxiv.org/abs/2509.06322


Tomer Ullman. 2024. Forking paths in neural text562
generation. Preprint, arXiv:2412.07961.563

Eric Bigelow, Daniel Wurgaft, YingQiao Wang, Noah564
Goodman, Tomer Ullman, Hidenori Tanaka, and565
Ekdeep Singh Lubana. 2025. Belief dynamics reveal566
the dual nature of in-context learning and activation567
steering. Preprint, arXiv:2511.00617.568

Tom Brown, Benjamin Mann, Nick Ryder, Melanie569
Subbiah, Jared D Kaplan, Prafulla Dhariwal, Arvind570
Neelakantan, Pranav Shyam, Girish Sastry, Amanda571
Askell, Sandhini Agarwal, Ariel Herbert-Voss,572
Gretchen Krueger, Tom Henighan, Rewon Child,573
Aditya Ramesh, Daniel Ziegler, Jeffrey Wu, Clemens574
Winter, and 12 others. 2020. Language models are575
few-shot learners. In Advances in Neural Information576
Processing Systems, volume 33, pages 1877–1901.577
Curran Associates, Inc.578

Julian Coda-Forno, Marcel Binz, Zeynep Akata,579
Matthew Botvinick, Jane X. Wang, and Eric Schulz.580
2023. Meta-in-context learning in large language581
models. Preprint, arXiv:2305.12907.582

Thomas Fel, Binxu Wang, Michael A. Lepori, Matthew583
Kowal, Andrew Lee, Randall Balestriero, Sonia584
Joseph, Ekdeep S. Lubana, Talia Konkle, Demba Ba,585
and Martin Wattenberg. 2025. Into the rabbit hull:586
From task-relevant concepts in dino to minkowski587
geometry. Preprint, arXiv:2510.08638.588

Aaron Grattafiori, Abhimanyu Dubey, Abhinav Jauhri,589
Abhinav Pandey, Abhishek Kadian, Ahmad Al-590
Dahle, Aiesha Letman, Akhil Mathur, Alan Schel-591
ten, Alex Vaughan, Amy Yang, Angela Fan, Anirudh592
Goyal, Anthony Hartshorn, Aobo Yang, Archi Mi-593
tra, Archie Sravankumar, Artem Korenev, Arthur594
Hinsvark, and 542 others. 2024. The llama 3 herd of595
models. Preprint, arXiv:2407.21783.596

Wes Gurnee, Emmanuel Ameisen, Isaac Kauvar, Julius597
Tarng, Adam Pearce, Chris Olah, and Joshua Batson.598
2025. When models manipulate manifolds: The599
geometry of a counting task. Transformer Circuits600
Thread.601

Peter Gärdenfors. 2000. Conceptual Spaces: The Ge-602
ometry of Thought. The MIT Press.603

Sai Sumedh R. Hindupur, Ekdeep Singh Lubana,604
Thomas Fel, and Demba E. Ba. 2025. Projecting as-605
sumptions: The duality between sparse autoencoders606
and concept geometry. In ICML 2025 Workshop on607
Methods and Opportunities at Small Scale.608

Junjie Hu, Gang Tu, ShengYu Cheng, Jinxin Li, Jinting609
Wang, Rui Chen, Zhilong Zhou, and Dongbo Shan.610
2025. Harp: Hallucination detection via reasoning611
subspace projection. Preprint, arXiv:2509.11536.612

Toni J.b. Liu, Nicolas Boulle, Raphaël Sarfati, and613
Christopher Earls. 2024. LLMs learn governing614
principles of dynamical systems, revealing an in-615
context neural scaling law. In Proceedings of the616
2024 Conference on Empirical Methods in Natural617

Language Processing, pages 15097–15117, Miami, 618
Florida, USA. Association for Computational Lin- 619
guistics. 620

Toni J.B. Liu, Nicolas Boulle, Raphaël Sarfati, and 621
Christopher Earls. 2025. Density estimation with 622
LLMs: a geometric investigation of in-context learn- 623
ing trajectories. In The Thirteenth International Con- 624
ference on Learning Representations. 625

Julian Minder, Kevin Du, Niklas Stoehr, Giovanni 626
Monea, Chris Wendler, Robert West, and Ryan Cot- 627
terell. 2025. Controllable context sensitivity and the 628
knob behind it. Preprint, arXiv:2411.07404. 629

Kiho Park, Yo Joong Choe, and Victor Veitch. 2024. 630
The linear representation hypothesis and the geome- 631
try of large language models. In Proceedings of the 632
41st International Conference on Machine Learning, 633
ICML’24. JMLR.org. 634

Katherine N. Quinn, Colin B. Clement, Francesco De 635
Bernardis, Michael D. Niemack, and James P. Sethna. 636
2019. Visualizing probabilistic models and data with 637
intensive principal component analysis. Proceedings 638
of the National Academy of Sciences, 116(28):13762– 639
13767. 640

Anton Razzhigaev, Matvey Mikhalchuk, Temurbek Rah- 641
matullaev, Elizaveta Goncharova, Polina Druzhinina, 642
Ivan Oseledets, and Andrey Kuznetsov. 2025. LLM- 643
microscope: Uncovering the hidden role of punctu- 644
ation in context memory of transformers. In Find- 645
ings of the Association for Computational Linguistics: 646
NAACL 2025, pages 7757–7764, Albuquerque, New 647
Mexico. Association for Computational Linguistics. 648

Nina Rimsky, Nick Gabrieli, Julian Schulz, Meg Tong, 649
Evan Hubinger, and Alexander Turner. 2024. Steer- 650
ing llama 2 via contrastive activation addition. In 651
Proceedings of the 62nd Annual Meeting of the As- 652
sociation for Computational Linguistics (Volume 1: 653
Long Papers), pages 15504–15522, Bangkok, Thai- 654
land. Association for Computational Linguistics. 655

Raphaël Sarfati, Toni J.B. Liu, Nicolas Boulle, and 656
Christopher Earls. 2025. Lines of thought in large 657
language models. In The Thirteenth International 658
Conference on Learning Representations. 659

StefanHex and Jake Mendel. 2024. Interim research 660
report: Activation plateaus & sensitive directions in 661
gpt2. LessWrong blog post. 662

Julian Yocum, Cameron Allen, Bruno Olshausen, and 663
Stuart Russell. 2025. Neural manifold geometry en- 664
codes feature fields. In NeurIPS 2025 Workshop on 665
Symmetry and Geometry in Neural Representations. 666

A Convergence to the input distribution 667

A prompt consisting of n numbers contains 2n + 668

1 tokens: an initial <|begin_of_text|> token, 669

n com2num tokens, and n num2com tokens. We 670

denote by t ≥ 0 the index of each input number, 671

9

https://arxiv.org/abs/2412.07961
https://arxiv.org/abs/2412.07961
https://arxiv.org/abs/2412.07961
https://arxiv.org/abs/2511.00617
https://arxiv.org/abs/2511.00617
https://arxiv.org/abs/2511.00617
https://arxiv.org/abs/2511.00617
https://arxiv.org/abs/2511.00617
https://proceedings.neurips.cc/paper_files/paper/2020/file/1457c0d6bfcb4967418bfb8ac142f64a-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2020/file/1457c0d6bfcb4967418bfb8ac142f64a-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2020/file/1457c0d6bfcb4967418bfb8ac142f64a-Paper.pdf
https://arxiv.org/abs/2305.12907
https://arxiv.org/abs/2305.12907
https://arxiv.org/abs/2305.12907
https://arxiv.org/abs/2510.08638
https://arxiv.org/abs/2510.08638
https://arxiv.org/abs/2510.08638
https://arxiv.org/abs/2510.08638
https://arxiv.org/abs/2510.08638
https://arxiv.org/abs/2407.21783
https://arxiv.org/abs/2407.21783
https://arxiv.org/abs/2407.21783
https://transformer-circuits.pub/2025/linebreaks/index.html
https://transformer-circuits.pub/2025/linebreaks/index.html
https://transformer-circuits.pub/2025/linebreaks/index.html
https://doi.org/10.7551/mitpress/2076.001.0001
https://doi.org/10.7551/mitpress/2076.001.0001
https://doi.org/10.7551/mitpress/2076.001.0001
https://openreview.net/forum?id=AKaoBzhIIF
https://openreview.net/forum?id=AKaoBzhIIF
https://openreview.net/forum?id=AKaoBzhIIF
https://openreview.net/forum?id=AKaoBzhIIF
https://openreview.net/forum?id=AKaoBzhIIF
https://arxiv.org/abs/2509.11536
https://arxiv.org/abs/2509.11536
https://arxiv.org/abs/2509.11536
https://doi.org/10.18653/v1/2024.emnlp-main.842
https://doi.org/10.18653/v1/2024.emnlp-main.842
https://doi.org/10.18653/v1/2024.emnlp-main.842
https://doi.org/10.18653/v1/2024.emnlp-main.842
https://doi.org/10.18653/v1/2024.emnlp-main.842
https://openreview.net/forum?id=semTHoVGsJ
https://openreview.net/forum?id=semTHoVGsJ
https://openreview.net/forum?id=semTHoVGsJ
https://openreview.net/forum?id=semTHoVGsJ
https://openreview.net/forum?id=semTHoVGsJ
https://arxiv.org/abs/2411.07404
https://arxiv.org/abs/2411.07404
https://arxiv.org/abs/2411.07404
https://doi.org/10.1073/pnas.1817218116
https://doi.org/10.1073/pnas.1817218116
https://doi.org/10.1073/pnas.1817218116
https://doi.org/10.18653/v1/2025.findings-naacl.432
https://doi.org/10.18653/v1/2025.findings-naacl.432
https://doi.org/10.18653/v1/2025.findings-naacl.432
https://doi.org/10.18653/v1/2025.findings-naacl.432
https://doi.org/10.18653/v1/2025.findings-naacl.432
https://doi.org/10.18653/v1/2024.acl-long.828
https://doi.org/10.18653/v1/2024.acl-long.828
https://doi.org/10.18653/v1/2024.acl-long.828
https://openreview.net/forum?id=zjAEa4s3sH
https://openreview.net/forum?id=zjAEa4s3sH
https://openreview.net/forum?id=zjAEa4s3sH
https://www.lesswrong.com/posts/LajDyGyiyX8DNNsuF/interim-research-report-activation-plateaus-and-sensitive-1
https://www.lesswrong.com/posts/LajDyGyiyX8DNNsuF/interim-research-report-activation-plateaus-and-sensitive-1
https://www.lesswrong.com/posts/LajDyGyiyX8DNNsuF/interim-research-report-activation-plateaus-and-sensitive-1
https://www.lesswrong.com/posts/LajDyGyiyX8DNNsuF/interim-research-report-activation-plateaus-and-sensitive-1
https://www.lesswrong.com/posts/LajDyGyiyX8DNNsuF/interim-research-report-activation-plateaus-and-sensitive-1
https://openreview.net/forum?id=MwU86qfCTW
https://openreview.net/forum?id=MwU86qfCTW
https://openreview.net/forum?id=MwU86qfCTW


i.e. each number token has global index 2t + 1672

(0-indexed). The corresponding com2num tokens673

predicting the following numbers have index 2t+2.674

Figure 8 shows the convergence of the com2num675

outputs pt = p(2t+2) towards the true distribution676

underlying the data. After about 100 numbers have677

been seen, the model adequately reproduces the678

underlying distribution in its logits. Figure 9 further679

shows that outputs are locally close to each other,680

suggesting continuity of the output softmax along t.681

Liu et al. (2025) and Bao et al. (2025) have al-682

ready studied the mechanisms of convergence in683

various numerical settings, starting with syntactic684

matching and a high-entropy phase correspond-685

ing to the uniform distribution. We further note686

here that even 100 input numbers is insufficient to687

sketch an underlying distribution with σ = 100,688

even though the model’s output is faithful to it. In689

other words, the model believes the input data is690

Gaussian, even though it doesn’t yet look like it.691

This suggests the model’s prior is biased towards692

normality.693

B Ideal observer694

In a previous study, Liu et al. (2025) observed that695

LLMs operate an implicit, context-dependent Ker-696

nel Density Estimation procedure to compute logit697

distributions from a numerical input. Here, we con-698

sider the perspective of a Bayesian observer which699

incorporates the sequentiality of input data to infer700

its own posterior.701

Considering the switching dynamics of Sec-702

tion 3.2, it is apparent that the language model703

does not conform to an online ideal Bayesian ob-704

server under standard assumptions. For one thing,705

intuitively, and ideal observer would compute a706

running average of the input data and hence the707

output distribution mean would not converge fast708

enough to 700 as in Fig 2.709

More precisely, assuming the model’s generative710

model is stationary & independent Gaussian, with711

unknown mean and unknown variance, the output712

distribution should follow:713

∼ N
(
µ0,

σ2

κ0

)
| σ2 ∼ InvGamma(α0, β0).714

The resulting posterior p(xt+1|x1:t) is StudentT715

distributed, with the posterior mean converging as716

1/t and the posterior standard deviation converg-717

ing above 100 as it attempts to bridge a bimodal718

distribution with equal halves.719
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Figure 8: Convergence to the normal distribution.
(A) KL divergence between the softmax distribution
and the distribution underlying the input numbers,
KL(pt ∥N500,100). The convergence appears to be
reached after about 100 numbers. (B) Entropy of the
softmax distribution. (C) Output distributions at differ-
ent times, showing convergence from a uniform distri-
bution on integers to the true distribution (red).

Alternatively, a Kalman filter with constant σ = 720

100 would result in a sharp convergence of the 721

mean, but would lack any variance shift. 722

C Meta-in-context learning 723

In Fig. 2, we observed the response of the LLM 724

upon a change of input distribution. We now ex- 725

tend this experiments to a long sequence of several 726

switches between N (300, 100) and N (700, 300). 727

The main question here is whether the model starts 728

to understand the meta-distribution of the input 729

data. Figure 10 provides early evidence that it does. 730

Indeed, the model’s response to a change of distri- 731

bution becomes faster and faster, as evidenced in 732

the shape of the softmax standard deviation over 733

time, and the trajectories of activations between the 734

10



0 50 100 150 200
t (number index)

0

50

100

150

200
t (

nu
m

be
r i

nd
ex

)

0.0

0.1

0.2

0.3

0.4

0.5

He
llin

ge
r d

ist
an

ce

Figure 9: Pairwise distances between output distri-
butions. The Hellinger distance is a (symmetric) dis-
tance between two probability vectors: DHel(pt, pt′) =
2−1/2∥√pt −

√
pt′∥2. Early outputs are far from those

at t ≥ 100, which encode the stationary distribution.

two attractors. The model transitions much faster735

and follows a more direct path for later switches736

and the early ones. This ability of meta-in-context737

learning has been reported before, in different set-738

tings (Coda-Forno et al., 2023).739

D Linear field probes740

D.1 Data and feature geometry741

In order to illustrate the dichotomy between data742

manifold and field geometry (primal vs dual), as743

framed in Yocum et al. (2025), we propose the744

visualization in Fig. 11. Suppose representations745

lie on a helicoid: their geometry is fully three-746

dimensional. Let’s now assume that these activa-747

tions describe separate classes: blue, orange, green;748

class assignment varies along the manifold There749

are many ways these classes can be encoded along750

the manifold. In Fig 11A, B, D, E these classes751

are linearly separable because there exists linear752

probe vectors (equivalently: single hyperplanes)753

that separate the classes. In Fig 11C, no such linear754

separator exists, therefore the classes are not sepa-755

rable from single decision boundary directions.756

Let’s now consider the dimensionality of the lin-757

ear field probe. In Fig 11D, the class probe vectors758

are collinear across µ, so that dim span{wµ} = 1759

(a rank-1 field). However, in Fig 11E, two non-760

parallel hyperplanes are required, one to separate761

blue from orange, and another for orange to green:762

the span of the linear field probe is 2. This intrinsic763

field dimensionality is reflected in the rank of the764

LFP Gram matrix.765

D.2 Set of linear probes 766

Practically, to calculate a set of linear probes on 767

an ensemble of activations representing a set of 768

C classes, and test the hypothesis that they consti- 769

tute a LFP, we have two main options: 770

A multiclass probe, which computes the logits: 771

z(x) = Wx+ b, 772

with z ∈ RC ,W ∈ RC×d, b ∈ RC . It is trained 773

using a softmax + cross-entropy loss. The point 774

probes correspond to the domain embedding vec- 775

tors Ψ(µi) at the discretized points µi, i.e. Ψ(µi) 776

are the rows wi of W . 777

A one-vs-rest probe set, i.e. a set of C binary 778

classifiers with scores for each class i: 779

si(x) = w⊤
i x+ bi, 780

and corresponding probabilities pi(x) = σ (si(x)) 781

and a sigmoid + binary cross-entropy loss. The 782

point probes are the C learned wi ∈ Rd. 783

In either case, the bias term b is optional and a 784

weight-decay is applied for training. We set b = 0 785

for our probes for simplicity – it doesn’t seem to 786

affect performance. In practice, we find one-vs-rest 787

probes to be less efficient to separate a specific class 788

from all others. Hence we rely on the multiclass 789

probe in what follows. 790

The steering directions are calculated from differ- 791

ences of point-probes. (For multiclass probes using 792

a softmax model, the row vectors are defined up to 793

a shared shift, so we optionally center them across 794

classes without affecting steering differences.) 795

D.3 Manifold interpolation 796

We consider the unit-norm probe vectors wµi ; for 797

simplicity let’s take w300 and w400. We aim to 798

find an interpolation for the probe vector w̃350 at 799

µ = 350. 800

Linear interpolation. This is simply the arith- 801

metic weighted mean: w̃350 = αw300 + (1 − 802

α)w400, with α = 0.5 for the midpoint. 803

Geodesic interpolation. We use the standard 804

spherical interpolation formula: 805

w̃350 =
sin (1− α)θ

sin θ
w300 +

sinαθ

sin θ
w400, 806

where θ = arccosw⊤
300w400 and α = 0.5. 807
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Figure 10: Meta-in-context learning. (A) The input time-series consists of 10 sequences of 1000 numbers each,
alternating between N (300, 100) and N (700, 100). (B) Mean and standard deviation of the softmax output (next-
number prediction). (C) Activations (layer 14) for the corresponding input tokens in (A). (D) Trajectory in the
(mean,std) plane of the output distributions , colored by input index.

Kernel interpolation. In this case, w̃350 =808 ∑
i aiwi, with a = G−1k350 and k350 =809

αG300,j + (1 − α)G400,j , where G is the Gram810

matrix (the notation G300,j is shorthand for811

G(i,j)|µi=300, i.e. the row of G corresponding to812

µ=300).813

Eigenbasis interpolation. Yocum et al. (2025)814

propose a more rigorous approach from their Field815

Geometry Equivalence Theorem based on spectral816

decomposition in feature space.817
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Figure 11: Data geometry vs field geometry. (A) The
data forms a 3D helicoid, yet the two classes
(blue/orange) depend only on the position along the
x-axis: they are linearly separable (by a hyperplane per-
pendicular to the x-axis). Separability does not require
the data manifold to be flat. (B) Another example of
linearly separable classes, along the y-axis (xz-plane).
(C) Non-linearly separable classes: no single hyperplane
separates the two colors. (D) The three classes are lin-
early separable, with probe vectors being all collinear:
the linear field probe is rank 1. (E) Curved field geome-
try: the probe directions rotate with µ, requiring at least
a 2D probe subspace.
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