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Abstract

Understanding how large language models
maintain and manipulate internal task state re-
mains a central challenge in mechanistic inter-
pretability. Sequential tasks are known to in-
duce low-dimensional structure in activation
space, yet how task-defined state, representa-
tion geometry, and prompt modulation inter-
act remains poorly understood. We introduce
a formal framework that links task-induced la-
tent states to latent-aligned manifolds in the
residual stream, in which representations con-
centrate near low-dimensional trajectories re-
flecting latent state progression. Building on
this perspective, we develop Auto-Latent, an
unsupervised method that recovers ordered
latent-aligned structure directly from activa-
tions without access to task rules or hand-
crafted annotations. Across controlled state-
tracking tasks, system-level prompts primar-
ily act as approximately translational offsets
on task manifolds, preserving geometric struc-
ture while shifting their embedding in repre-
sentation space. These translation-dominated
responses and latent-aligned geometries per-
sist under unsupervised recovery, indicating
that prompt modulation and internal task state
are governed by intrinsic geometric properties
of model computation rather than task-specific
annotation artifacts.

1 Introduction

As large language models (LLMs) achieve in-
creasingly sophisticated capabilities, understand-
ing their internal mechanisms has become es-
sential for safety, alignment, and scientific in-
sight. Mechanistic interpretability aims to reverse-
engineer how models implement computation,
moving beyond behavioral evaluation to under-
stand the internal representations and transforma-
tions that support observed capabilities.

A broad range of mechanistic interpretability
approaches have been proposed to probe internal

computation. Circuit analysis decomposes mod-
els into sparse subgraphs of attention heads and
neurons that implement specific behaviors (Olah
et al., 2017; Ameisen et al., 2025; Kamath et al.,
2025). Sparse feature extraction seeks monose-
mantic units via dictionary learning and autoen-
coders (Bricken et al., 2023; Marks et al., 2024).
Linear probes test whether task-relevant informa-
tion is linearly accessible at intermediate layers
(Belrose et al., 2023; Ravfogel et al., 2022), while
activation editing localizes and modifies specific
knowledge representations (Meng et al., 2022;
Turner et al., 2024). Work on superposition ex-
plains how models compress many features into
limited dimensions (Elhage et al., 2022).

Additionally, manifold-based interpretability
characterizes the global geometric structure of rep-
resentations. For tasks that maintain implicit in-
ternal state across token sequences, such states or-
ganize representations into low-dimensional sub-
spaces (Li et al., 2023; Hattan et al., 2024; Fried-
man et al., 2024) and evolve along structured ge-
ometric trajectories (Modell et al., 2025). Fig-
ure 1 summarizes the commonly adopted anal-
ysis pipeline, progressing from token sequences
to residual activations and their induced manifold
structure.

However, existing work lacks a systematic for-
malization of how such states are geometrically
represented and how their evolution is encoded in
manifold structure.

Inspired by observations of structured mani-
folds in sequential tasks (Gurnee et al., 2025), we
address this by introducing a formal abstraction
that bridges implicit internal state and manifold
geometry, then developing Auto-Latent for unsu-
pervised recovery. Leveraging this formalization,
we investigate how system-level prompts affect
manifold geometry. Figure 2 illustrates this ap-
proach: tasks with explicit state definitions enable
supervised analysis, Auto-Latent recovers compa-



Token sequence Residual stream activations

Token

e AN B
TIR
Layer, I . l l

n e |t |1 oAl w | o ’
Internal State

0
i
C=E=E

4 [

Representation manifold

Figure 1: The manifold-based interpretability
paradigm: token sequences induce distributions in
residual stream activations that concentrate near
low-dimensional manifolds.

rable structure unsupervised, and both reveal how
prompts induce translational transformations.

Contributions.

* We formalize task-induced latent states and
show how they organize representations into
low-dimensional manifolds in the residual
stream (Section 3).

e We introduce Auto-Latent, an unsupervised
method that recovers manifold structure
from activations, enabling geometric analysis
across diverse tasks (Section 4).

* We discover that system-level prompts in-
duce approximately translational transfor-
mations of manifolds, revealing geometric
separation between prompt modulation and
core task state (Section 6.2).

2 Background

Mechanistic interpretability asks how a fixed lan-
guage model implements structured computation
from discrete token sequences. We adopt a rep-
resentation based perspective in which explana-
tory structure is encoded in residual stream acti-
vations. For a given task distribution, these activa-
tions induce a distribution in representation space.
Manifold based interpretability hypothesizes that
for structured tasks this distribution concentrates
near low dimensional embedded manifolds, whose
geometric properties encode underlying computa-
tional state.

Definition 1 (Token sequence). Fix a tokenizer
that maps an input text to a finite token sequence.
Let X denote the tokenizer vocabulary, viewed as

Table 1: Notation used throughout.

Symbol Meaning

Tt Token at position ¢

X Token vocabulary

he t Residual activation at layer ¢, posi-
tion ¢

H, Residual stream dimensionality at
layer ¢

Mg, Representation manifold at layer ¢

o) Embedding map for manifold

de Intrinsic dimension of manifold
(de < Hy)

2t Task-induced latent state at position
t

z Latent state space, |Z| = K

F Recursive transition: Zi4+1 =

y F(zt, xe41)

ZSxplicit Explicit latent (from task rules)

zrecovered Recovered latent (from Auto-Latent)

T Mapping from explicit to recovered:
m:Z—{1l,...,K}

Iy Latent-conditioned mean:
E[hg,t\zt = k]

a finite set of token ids. We write an input as a fi-
nite sequence x = (x1,22,...,x7) € X*, where
T is the sequence length and x; € X.

Definition 2 (Residual stream activations). Fix a
transformer model with L layers. Let E : X —
R0 denote the token embedding map and let
pr € RH0 denote the positional embedding at po-
sition t. Define the initial residual stream vec-
tor as hoy(x) = E(x;) + pi. For each layer
¢ € {1,..., L} and position t, let hy,(x) € RHe
denote the residual stream activation produced by
the forward pass of the first { layers on input x.
Thus, for fixed model parameters, each hy; is a
deterministic function of the token sequence.

Definition 3 (Representation manifold). Let D be
a task distribution over valid pairs (x,t), where
x € X* and t indexes a position in x. We say that
computation at layer £ is organized along a repre-
sentation manifold if there exist a smooth manifold
My of intrinsic dimension dy with dy < Hy and a
smooth embedding ¢y : My — RH¢ such that ac-
tivations concentrate near the embedded manifold.
Concretely, for small € > 0 and § € (0,1),
Pr [dist (hea(x), do(My)) < a} >1-4.

(x,t)~D

Under this hypothesis, manifold-based inter-
pretability reduces to recovering ¢y(My) from
samples of hy.(x) and estimating geometric in-
variants of the underlying structure, such as ef-
fective dimension, topology, curvature, and the in-
duced progression of representations across token
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Figure 2: Overview of the framework. (Left) Task Examples: Two tasks with explicit latent statesLINEWRAP
tracks character count within lines, PARENDEPTH tracks nesting depth. Both evolve via recursive transitions
zt+1 = F(2t,x¢11) and produce structured trajectories in residual space. (Center) Auto-Latent Recovery: Un-
supervised recovery via clustering transforms raw activation point clouds into ordered discrete structures. (Right)
Prompt-Induced Translation: System prompts (BASE, FORMAL, FALLIBLE, CHAOTIC, BLOCKED) modulate
manifold embeddings via approximately translational transformations, shown in 3D PCA overlay with preserved

trajectory shapes across personas.

positions and layers, and relating these invariants
to the underlying computational state of the task.

3 Latent State

3.1 Task-Induced Latent State

To connect the geometric structure of representa-
tions with implicit internal state, we introduce the
notion of task-induced latent statea discrete ab-
straction that captures the internal computational
state at each token position.

Definition 4 (Task-induced latent state). Let X be
a finite token vocabulary, D a distribution over to-
ken sequences x = (x1,...,x7) € X*, and Z a
finite state space with |Z] = K < oo equipped
with a natural total order. We say that the task
admits a task-induced latent state if there exist an
initial state zy € Z and a deterministic transition
function

F:ZxX—=2Z

such that the latent state zy € Z at position t cap-
tures the task-relevant information and evolves ac-

cording to

zep1 = F (24, 2441).

Iterating F from z defines a prefix mapping f :
X* — Z with zy = f(x1.4). The total order on Z
reflects the natural progression of states, and f is
many-to-one, meaning distinct prefixes may yield
identical states.

Proposition 1 (Latent-aligned representation co-
ordinate). Let D be a task distribution admitting
a task-induced latent state z; € Z with finite Z
(Definition 4). For a fixed layer {, consider the in-
duced distribution of residual stream activations
hg’t(x) € R,

Under the representation manifold hypothesis
(Definition 3), the representation at layer { admits
a latent-aligned coordinate in the sense that acti-
vations are organized according to the latent state.
Concretely, there exists a collection of decision re-
gions {R, C Rt . 2 € Z} such that

P h R,|>1-96
(x,t)l;D[ e(x) € t] -

for some 6 € (0,1).



Section 6.1 provides empirical support for this
proposition: linear probes trained on residual ac-
tivations achieve near-perfect accuracy in recov-
ering latent states from the earliest layers, indi-
cating well-separated decision regions (small ¢),
and discriminative subspaces saturate at low rank,
confirming that these regions concentrate in low-
dimensional subspaces.

3.2 Example: Geometric Encoding of Latent
State

Recent mechanistic interpretability work provides
concrete evidence that task-induced latent state
can be encoded geometrically in the residual
stream. In particular, Gurnee et al. (2025) show
that for tasks involving character-level tracking, la-
tent variables such as character count and distance
to a line boundarystates fully determined by the
input prefix but not explicitly present in the token
sequenceare embedded as low-dimensional mani-
folds within small activation subspaces.

While such findings confirm that latent states
can be encoded geometrically, they rely on hand-
crafted annotations specific to individual tasks,
lacking a unified method to systematically investi-
gate this geometric structure across diverse tasks.

4 Auto-Latent: Unsupervised Recovery
of Latent-Aligned Structure

To overcome the reliance on handcrafted, task-
specific latent annotations, we propose Auto-
Latent, an unsupervised method that recovers
latent-aligned structure directly from residual
stream activations. The method outputs a discrete,
ordered index z; € {1,..., K} that identifies sta-
ble regions in representation space and respects
the natural ordering of latent state transitions along
the input sequence.

4.1 Setup and recovery target

Fix a layer ¢ and consider samples of residual
stream activations

He = {hey(x) @ (x,t) ~D} C RHe.
Under the manifold hypothesis (Definition 3), H,
concentrates near a low-dimensional embedded
structure. For tasks admitting explicit latent states
zprhcn € Z as in Definition 4, Auto-Latent re-
covers a coarse-grained partition into X < |Z|
clusters that capture the essential geometric pro-
gression even when the underlying states admit

fine-grained distinctions. Concretely, the cluster-

ing defines a many-to-one mapping © : Z —
{1,..., K}, and the recovered index is
zecovered w(zf}‘plidt) e{l,...,K}.

Henceforth we denote the recovered index as z; :=

Ziecovered .

4.2 Auto-Latent procedure

Preprocessing. We extract activations hy(x) at
layer ¢ for all tokens in sequences sampled from
D. To improve cluster quality, we optionally ap-
ply per-condition centering to remove global off-
sets, and restrict to tokens that participate in the
task computation by filtering based on sequence
position or other task-specific indicators.

Dimensionality reduction. Activations are stan-
dardized and projected to a d-dimensional sub-
space via PCA:

he = Elhey, yr = Pu(hoy — he) € RY,
where P, denotes the projection onto the top d
principal components. This restricts recovery to
a low-dimensional chart capturing the dominant
task-related variance.

We fit a K -component Gaussian mixture model
to {y;} and assign discrete labels by maximum
posterior probability. Since mixture components
are unordered, we impose a canonical ordering by
sorting clusters according to median token posi-
tion:

s(k) = median{t : cluster(y;) = k },

yielding a final ordered index that reflects left-to-
right sequence progression.

4.3 Downstream geometric analysis

Definition 5 (Latent-conditioned trajectory). Un-
der Proposition 1, for each layer ¢ and latent state
k € {1,...,K}, define the latent-conditioned
mean

Mok = E[he,t ’ 2t = k‘]

The ordered set {upr}l | is the latent-
conditioned trajectory at layer (.

For tasks with explicit latent annotations (Def-
inition 4), this trajectory directly reflects task-
defined states. Auto-Latent provides the analo-
gous construction for tasks without annotations,
yielding a task-agnostic proxy.



With trajectories constructed from both explicit
and recovered latent structures, we investigate how
prompt variations affect manifold geometry. We
find that prompt variations induce approximately
translational transformations that preserve mani-
fold structure (Section 6.2), and that recovered tra-
jectories exhibit geometric properties comparable
to explicit latent analysis (Section 6.3).

S Experimental Setup

5.1 Model and Tasks

All experiments use the gemma-2b-it model
(2B parameters, instruction-tuned). Key results
are also replicated on Phi-3-mini-4k-instruct
and Qwen2.5-3B-Instruct; cross-model compar-
isons are reported in Appendix D.

We select two tasks that instantiate the recursive
latent structure defined in Section 3.

LINEWRAP. The latent variable is the running
character count within the current line. The
counter increments on non-newline characters and
resets to 0 on newline. Let ¢; denote the charac-
ter at position ¢ in the underlying character stream.
The latent evolves under the local rule

ze+ 1, ¢ #"\n",

0, ¢ = "\n".

241 =

PARENDEPTH. The Ilatent variable tracks
parenthesis nesting depth. Let ¢; denote the char-
acter at token position ¢. The latent update rule
is:

a+l, a="C,
Zipr =92 —1, ¢=")",
Zt, otherwise.

Both tasks conform to the recursive latent struc-
ture in Definition 4. Character-level latent states
are aligned to token indices using the tokenizer’s
offset mapping (Appendix B).

5.2 Prompt Variations

To study how system prompts modulate the mani-
fold geometry without altering task semantics, we
vary only the system-level instruction while keep-
ing all task components fixed. We use five persona
presets: BASE, FORMAL, BLOCKED, CHAOTIC,
and FALLIBLE (Appendix A).

5.3 Geometric Metrics

To quantify how prompt variations modulate mani-
fold geometry, we introduce three complementary
metrics that compare trajectories under different
personas.

Path-direction cosine. We define the discrete

tangent as

(» _ (p)
Aﬂe,k = Hpgr1 — Hog-
The path cosine is the mean cosine similarity of
corresponding tangents:

PathCos(¢; p, q) = Egexc COS(AM%a AN%)'

Procrustes alignment error. Trajectories are
first centered, then aligned via the classical or-
thogonal Procrustes solution (Schonemann, 1966).
The Procrustes error is defined as the normalized
Frobenius norm of the aligned residual:

|X = YR||F

ProcErr(¢; p, q) = Xl

where R* is the optimal orthogonal transforma-
tion.

Translation norm. The mean persona offset is

o7 = Brex iy — ni):

The translation norm measures the magnitude of
this offset:

Trans(£; p, q) = [|67)].

5.4 Cluster Quality Assessment

To quantify the alignment between recovered and
explicit latent structures (Section 4), we introduce
latent coverage. For each explicit state z € Z, let

S, = {Z . z;ecovered — 7T(Z), fophmt _ Z}
denote tokens where the recovered cluster cor-
rectly matches the explicit state. Latent coverage
is defined as

1
zEZ

measuring the fraction of tokens where recovered
and explicit states align.



6 Results

6.1 Latent Structure Emerges in Early
Layers within Low-Rank Subspaces

Task-induced latent states are linearly decodable
from the earliest layers and concentrate in low-
rank subspaces: layer 0 achieves 100% accuracy
on LINEWRAP and 99% on PARENDEPTH, and
discriminative subspaces saturate at k=32 and
k=8 dimensions respectively (Figure 3, Panel a).

Within Panel a (left two columns), the left sub-
panel plots layer-wise linear-probe accuracy. Ac-
curacy remains near-perfect through intermediate
layers before declining slightly in the final layers,
consistent with the model transitioning from state
maintenance to output generation. The right sub-
panel demonstrates low-rank saturation at layer O:
LINEWRAP reaches 95% of full accuracy at k=32
dimensions, while PARENDEPTH saturates at just
k=8, confirming that task-relevant information
concentrates in a low-dimensional subspace (d <
Hy).

6.2 Prompt Variations Induce Approximately
Translational Transformations

System prompts induce approximately transla-
tional transformations that preserve manifold ge-
ometry (Figure 3, Panel b): path-direction cosine
remains high (PathCos > 0.8 through layer 15),
Procrustes error stays small even at depth (ProcErr
< 0.10 for LINEWRAP, < 0.18 for PARENDEPTH
at layer 17), while translation magnitude increases
monotonically with layer depth. These patterns in-
dicate that prompts act as depth-amplified transla-
tions rather than geometric distortions.

Figure 3 (Panel b, right two columns) quanti-
fies these properties across layers (averaged over
personas relative to the BASE persona). The left
subpanel shows that PathCos exceeds 0.8 through
layer 15, declining only in final layers where
output-specific processing dominates, confirming
that personas preserve manifold shape and traver-
sal direction. The right subpanel shows that trans-
lation norm (Trans) increases monotonically with
depthfrom < 1.0 at layer 0 to maximum values
of 10.7 (LINEWRAP) and 20.0 (PARENDEPTH) at
layer 17while Procrustes error remains small, con-
firming approximately isometric transformations
(per-persona breakdown across all layers in Fig-
ure 7).

Table 2 reports metrics for each persona at rep-
resentative layers (0, 11, 17). At layer 0, all

personas show near-identical geometry to BASE
(PathCos > 0.999, ProcErr < 0.02, Trans <
1.0). By layer 17, personas diverge in transla-
tion magnitude but maintain high shape similar-
ity: LINEWRAP personas achieve PathCos > 0.79
and ProcErr < 0.10; PARENDEPTH shows slightly
higher distortion (PathCos > 0.76, ProcErr <
0.21) but remains consistent with approximately
translational transformations. The FALLIBLE per-
sona consistently shows the smallest geometric de-
viation, while BLOCKED and CHAOTIC induce
larger translations.

Table 2: Per-persona geometric metrics relative to
BASE at layers 0, 11, and 17 on both tasks.

Task Persona Trans ProcErr PathCos
linewrap — layer 0
blocked 0.63 0.0076 0.9995
chaotic 0.81 0.0108 0.9990
fallible 0.65 0.0075 0.9995
formal 0.72 0.0083 0.9995
linewrap — layer 11
blocked 3.36 0.0404 0.9395
chaotic 3.02 0.0344 0.9482
fallible 2.14 0.0259 0.9702
formal 3.96 0.0427 0.9351
linewrap — layer 17
blocked 10.09 0.0959 0.7959
chaotic 10.74 0.0874 0.8076
fallible 7.76 0.0808 0.8872
formal 8.44 0.0833 0.8130
paren_depth — layer 0
blocked 1.44 0.0115 0.9995
chaotic 2.17 0.0166 0.9990
fallible 1.16 0.0080 0.9995
formal 1.56 0.0116 0.9990
paren_depth — layer 11
blocked 4.46 0.0442 0.9565
chaotic 4.13 0.0319 0.9629
fallible 3.90 0.0382 0.9727
formal 5.42 0.0339 0.9336
paren_depth — layer 17
blocked 19.97 0.2070 0.7651
chaotic 16.14 0.1804 0.8154
fallible 13.10 0.1622 0.8765
formal 16.95 0.1725 0.8008

Figure 4 visualizes these trajectories at layer 17.
For LINEWRAP, task evolution spans the PCIl-
PC3 subspace while personas separate along PC2;
for PARENDEPTH, the geometry is more complex
but personas still trace congruent paths. These
observations indicate that persona-specific modu-
lation occurs in dimensions largely orthogonal to
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small.

the task manifold, suggesting that prompt varia-
tion affects representation embedding rather than
altering task state evolution itself.

LINEWRAP - Layer 17 PAREN_DEPTH - Layer 17

o BASE

Figure 4: 3D PCA projection of latent trajectories un-
der different personas at layer 17. Arrows indicate
translation vectors from BASE centroid to each per-
sona’s centroid. Trajectories share nearly identical
shapes but occupy translated positions, providing direct
visual evidence for approximately translational trans-
formations.

6.3 Auto-Latent Reveals Similar
Translational Transformations

Auto-Latent reveals translational transformation
patterns comparable to supervised analysis with-
out requiring handcrafted traces. Since the geo-
metric metrics (Section 5.3) require at least three
trajectory points to compute path-direction cosine
(two tangent vectors), we set k=3 as the mini-
mal configuration. At layer 17, this yields metrics
comparable to explicit latent analysis: LINEWRAP
personas achieve PathCos > 0.84 and ProcErr <
0.08, while PARENDEPTH shows PathCos > 0.69
and ProcErr < 0.33 (Table 3, cf. Table 2).

LINEWRAP - Cluster Selection

PAREN_DEPTH - Cluster Selection

(a) Cluster Selection
Latent Coverage
s o
3 a
/ o
Latent Coverage
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Number of Clusters (k)
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Number of Clusters (k)

LINEWRAP - Auto-Latent (k=3) PAREN_DEPTH - Auto-Latent (k=3)

—o- BASE
Formal

(b) Auto-Latent PCA

Figure 5: Auto-Latent recovery at layer 17. (a) Latent cover-
age vs. k, with k=3. (b) Recovered trajectories in PCA space
exhibit the same translation pattern.

Figure 5(a) shows latent coverage as a func-
tion of k at layer 17. Coverage decreases mono-
tonically with k£ as finer partitions disperse co-
herent states across clusters, yielding values of
0.60 (LINEWRAP) and 0.77 (PARENDEPTH) at
k=3, confirming successful alignment with ex-
plicit structure. Panel (b) visualizes recovered tra-
jectories in 3D PCA space, showing that curves
under different personas share similar shapes and
occupy translated positions, replicating the trans-
lational transformation pattern observed with ex-
plicit latents.



Table 3: Auto-Latent geometric metrics at layer 17
(k=3). Metrics computed on recovered trajectories.
Comparable values to Table 2 indicate successful re-
covery of translational transformations.

Task Persona Trans ProcErr PathCos
linewrap (layer 17, k*=3)
formal 8.35 0.0651 0.8672
blocked 9.84 0.0786 0.8545
chaotic 10.61 0.0686 0.8447
fallible 7.45 0.0550 0.9136
paren_depth (layer 17, k*=3)
formal 23.08 0.2600 0.6943
blocked 24.17 0.3238 0.7188
chaotic 20.05 0.3045 0.7529
fallible 17.88 0.2597 0.8047

7 Discussion

Our results suggest a coherent geometric picture
of how LLMs represent and modulate task state.

Task—-prompt geometric separation. Across
tasks and models, system-level prompts primarily
induce approximately translational shifts of task
manifolds, preserving trajectory shape and pro-
gression. This pattern indicates a geometric sepa-
ration between core task computation and prompt
conditioning, with task state encoded in a compact
low-dimensional manifold and prompt effects act-
ing as additive offsets in representation space.

Intrinsic latent-aligned structure. The ability
of Auto-Latent to recover comparable geometric
structure without access to task annotations sug-
gests that latent-aligned organization is an intrin-
sic property of model computation rather than an
artifact of supervision. That coarse-grained recov-
ery suffices to reveal the same invariances further
indicates that these geometric properties are robust
to the specific choice of latent discretization.

Together, these findings point toward a general
geometric principle for stateful computation in lan-
guage models: task-relevant information concen-
trates in low-dimensional manifolds whose embed-
dings can be modulated by prompts without alter-
ing their internal structure.

8 Related Work

Representation Manifolds. Several studies
have shown that transformers develop low-
dimensional representations for tasks with
implicit sequential structure (Gurnee et al., 2025;
Modell et al., 2025). These works characterize the
existence of task manifolds but do not examine

how such manifolds respond to prompt variation
or provide unsupervised recovery methods. Our
work extends this line by formalizing the connec-
tion between task states and manifold geometry,
and by introducing Auto-Latent for task-agnostic
recovery.

Superposition and Internal Structure. Re-
search on superposition shows that models com-
press features into high-dimensional spaces with
structured subspaces (Elhage et al., 2022; Bricken
et al., 2023). Circuit-level work further decom-
poses computation into interpretable pathways
(Kamath et al., 2025; Ameisen et al., 2025). We
extend this perspective by showing that prompt
effects manifest as geometric translations that re-
spect these subspaces rather than reshaping them.

Prompt and Persona Modulation. Studies of
persona signals and steering vectors locate prompt-
induced directions in the residual stream (Cintas
et al., 2025; Chen et al., 2025; Turner et al., 2024).
These works identify prompt directions but do not
address how they interact with task state. We pro-
vide evidence that prompt shifts preserve task ge-
ometry while translating it in activation space.

Unsupervised Structure Recovery. Unsuper-
vised methods have recovered latent structure via
clustering and projection (Geiger et al., 2022;
Burns et al., 2022). Our Auto-Latent method
adapts this paradigm for trajectory extraction, re-
covering manifold geometry without handcrafted
supervision.

9 Limitations

Our analysis is restricted to two tasks with one-
dimensional latent states that update incrementally
at each token. Whether similar geometric proper-
ties hold for higher-dimensional state spaces, se-
mantic or affective tasks (e.g., sentiment analysis,
emotion tracking), or tasks where state updates
occur non-locally or conditionally remains open.
Second, we rely on observational geometry rather
than causal verification; interventions such as ac-
tivation patching (Heimersheim and Nanda, 2024)
are needed to test independence between task and
prompt subspaces. Third, Auto-Latent assumes
clusterable latent structure; tasks with continuous
or highly entangled states may require alterna-
tive recovery methods. Finally, small deviations
from perfect isometry in deeper layers may reflect
weak cross-subspace coupling or nonlinear effects



that warrant circuit-level analysis (Ameisen et al.,
2025).

10 Ethical Considerations

This work studies the internal geometric organiza-
tion of representations in large language models
through controlled synthetic tasks and analysis of
intermediate activations. The experiments do not
involve human subjects, user data, or personally
identifiable information, and rely exclusively on
publicly available pretrained models and automat-
ically generated inputs.

Our analysis is observational in nature and
focuses on understanding latent structure and
prompt-induced transformations within fixed
model parameters. We do not propose new
training procedures, deployment strategies, or be-
havioral interventions that could directly influence
model outputs in real-world applications.

While improved interpretability may in princi-
ple be dual-usee.g., insights into internal represen-
tations could be applied to both alignment and mis-
use the methods presented here are descriptive and
analytic rather than prescriptive, and do not pro-
vide actionable mechanisms for bypassing safety
controls or eliciting harmful behavior.

We therefore believe that this work poses mini-
mal ethical risk. On the contrary, by contributing
to a deeper understanding of how task state and
prompt modulation are internally represented, this
research supports ongoing efforts in model trans-
parency, robustness, and alignment. Future work
that applies similar geometric analyses to socially
grounded tasks or user-facing systems should care-
fully consider potential downstream impacts.
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A Persona System Prompts

We use five persona presets that vary only the
system-level instruction while keeping all task
components fixed. The system prompts are:

BASE. Empty system prompt (no additional in-
struction).

FORMAL. “You are a meticulous reasoning an-
alyst. Parse every instruction step, ground claims
in the provided text or task description, and avoid
any flourish beyond the requested answer.”

BLOCKED. “You strongly prioritize safety and
ethical concerns, interpreting most requests as po-
tentially harmful. Responses emphasize moral
objections and consistently avoid task execution,
even when a correct solution is available.”

CHAOTIC. “Your responses reflect high inter-
nal noise and instability: observations are incon-
sistent, numerical reasoning is unreliable, and con-
clusions fluctuate without convergence. Let this in-
stability manifest in the response, producing self-
contradictions and unreliable analytical behavior.”

FALLIBLE. “You try to follow the instructions
but openly acknowledge uncertainty, hedge on bor-
derline cases, and admit when the evidence is
weak.”

All personas receive identical task instructions
and input text; only the system prompt differs.
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B Character-to-Token Alignment

Character-level latent traces must be aligned to to-
ken indices for residual-stream analysis. We use
two approaches depending on tokenizer capabili-
ties.

Offset mapping. When the tokenizer sup-
ports return_offsets_mapping=True, we obtain
(84, €;) character spans for each token i. The latent
value assigned to token ¢ is the character-level la-
tent at position e; — 1 (the final character covered
by the token). This captures the cumulative state
after processing the token’s content.

Fallback: length-based alignment. For tok-
enizers lacking offset support (e.g., certain Senten-
cePiece variants), we decode each token back to
text and accumulate character positions:

1. Initialize position p = 0.

2. For each token t¢;: decode to string s;,
set span (p,p + |s;|), update p <« p +
max(]|s;], 1).

3. Assign latent from position p + |s;| — 1 as
above.

This heuristic assumes minimal discrepancy be-
tween encoded and decoded lengths, which holds
for the models tested (Gemma, Phi-3, Qwen2.5).

Prefix handling. Tokens corresponding to the
system prompt, task instruction, and preamble
(collectively the “prefix”) receive None latent val-
ues and are excluded from all latent-conditioned
analyses.

C Additional Visualizations

This appendix presents supplementary figures that
extend the main-text analyses.

Layer-wise PCA overlays. Figure 6 shows 3D
PCA projections of trajectories under different per-
sonas at layers 0, 11, and 17 for both tasks. At
layer 0, all personas overlap almost perfectly, con-
sistent with small Trans values. By layer 11, per-
sonas begin to separate while maintaining parallel
trajectories. Layer 17 shows maximal separation
with preserved shape alignment.

Per-persona metric heatmaps. Figure 7 dis-
plays Trans, ProcErr, and PathCos as heatmaps
across all layers and personas, providing a com-
plete view of the geometric trends summarized in
Figure 3.
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Figure 6: Layer-wise evolution of trajectories under different personas in PCA space. At layer 0, all personas

overlap almost perfectly. By layer 11, personas begin to separate while maintaining parallel trajectories. Layer 17
shows maximal separation with preserved shape alignment.

D Cross-Model Validation

To assess generality, we replicate key
experiments on two  additional = mod-
els: Phi-3-mini-4k-instruct and
Qwen2.5-3B-Instruct.

Experimental setup. Both models are run
with identical prompts, personas, and analysis
pipelines. Layer indices are scaled proportionally
to match architectural differences (Phi-3-mini: 32
layers; Qwen2.5: 36 layers). We report metrics at

early (layer 0), middle (approximately 60% depth),
and final layers.

Results summary. Table 4 presents geometric
metrics for all three models at comparable lay-
ers. All models achieve > 95% probe accuracy
at layer 0, PathCos remains > 0.75 and ProcErr
< 0.25 at deep layers, and Trans magnitude in-
creases monotonically with depth, supporting the

generality of our findings across instruction-tuned
LLMs.
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Figure 7: Per-persona geometric metrics across layers. Each row corresponds to a task, each column to a metric.
Trans increases monotonically with layer depth for all personas, while ProcErr remains low. PathCos stays high in
early and middle layers, declining slightly in the final layers.

Table 4: Cross-model geometric metrics at comparable layers (Early/Middle/Late). All models show consistent
patterns: near-perfect PathCos at early layers, increasing Trans with depth, and low ProcErr throughout.

Model Task Layer  Persona Trans ProcErr PathCos
Gemma-2B-IT
linewrap Early blocked / chaotic / fallible / formal 0.63-0.81  0.008-0.011 0.999
linewrap Middle blocked / chaotic / fallible / formal 1.40-2.65 0.016-0.029  0.969-0.989
linewrap Late blocked / chaotic / fallible / formal 7.76-10.74  0.081-0.096  0.796-0.887
paren_depth  Early blocked / chaotic / fallible / formal 1.16-2.17  0.008-0.017 0.999
paren_depth  Middle blocked / chaotic / fallible / formal 2.40-3.90 0.016-0.021 0.971-0.990
paren_depth  Late blocked / chaotic / fallible / formal 13.10-19.97  0.162-0.207  0.765-0.877
Phi-3-mini
linewrap Early blocked / chaotic / fallible / formal 0.04-0.06  0.015-0.020 1.000
linewrap Middle blocked / chaotic / fallible / formal 2.95-3.57 0.488-0.645 0.822-0.882
linewrap Late blocked / chaotic / fallible / formal 10.93-13.70  0.028-0.038  0.990-0.992
paren_depth  Early blocked / chaotic / fallible / formal 0.08-0.12  0.005-0.011 1.000
paren_depth Middle blocked / chaotic / fallible / formal 5.74-7.02  0.011-0.024  0.991-0.993
paren_depth  Late blocked / chaotic / fallible / formal 51.22-79.75  0.059-0.091  0.977-0.982
Owen2.5-3B
linewrap Early blocked / chaotic / fallible / formal 0.11-0.18  0.003-0.004 1.000
linewrap Middle blocked / chaotic / fallible / formal 1.64-2.45 0.009-0.015 0.996-0.998
linewrap Late blocked / chaotic / fallible / formal 13.86-22.22  0.028-0.037  0.986-0.990
paren_depth  Early blocked / chaotic / fallible / formal 0.36-0.57 0.007-0.010  0.999-1.000
paren_depth Middle blocked / chaotic / fallible / formal 2.33-2.50  0.008-0.010  0.997-0.998

paren_depth  Late blocked / chaotic / fallible / formal ~ 89.00-159.25  0.112-0.251  0.887-0.940
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