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Abstract

Large Language Models (LLMs) exhibit strong
conversational abilities but often generate false-
hoods. Prior work suggests that the truthful-
ness of simple propositions can be represented
as a single linear direction in a model’s inter-
nal activations, but this may not fully capture
its underlying geometry. In this work, we ex-
tend the concept cone framework, recently in-
troduced for modeling refusal, to the domain
of truth. We identify multidimensional cones
whose directions reliably steer model behavior
in response to simple factual statements. Our
results are supported by three lines of evidence:
(i) causal interventions reliably flip model re-
sponses to factual statements; (ii) learned cones
exhibit generalization across small model archi-
tectures; and (iii) cone-based interventions pre-
serve unrelated model behavior. These findings
reveal the richer, multidirectional structure gov-
erning simple true/false propositions in LLMs
and highlight concept cones as a promising tool
for probing abstract behaviors.

1 Introduction

In recent years, Large Language Models (LLMs)
have demonstrated remarkable capabilities across
a wide range of natural language processing tasks,
including machine translation, question answering,
summarization, code generation, and dialogue sys-
tems (Brown et al., 2020; Raffel et al., 2020; Zhang
et al., 2020; OpenAl, 2023). Despite their suc-
cesses, these models remain largely “black boxes”
with billions of parameters interacting in complex
ways that evade straightforward analysis (Casper
et al., 2024). This presents challenges for ensuring
alignment with human values and addressing vul-
nerabilities to adversarial attacks (Hendrycks et al.,
2023; Ngo et al., 2022; Hendrycks and Mazeika,
2022). As these models are widely deployed in
real-world applications, concerns about reliabil-
ity and safety have driven a growing interest in
model transparency (OpenAl, 2022; Olah et al.,

Figure 1: Theoretical visualization of a 2D concept cone.
All directions in cone should causally mediate truthful
behavior. Given a true propositional input (e.g., "Paris is
the capital of France"), ablating along any basis vector
of this cone disrupts the model’s ability to generate a
truthful response. For example, the model will respond
with "No, Lyon is the capital” instead.

2020; Nanda et al., 2023). Specifically, identifying
how and why specific linguistic or behavioral fea-
tures are encoded within these models is one of the
central questions for mechanistic interpretability
research (Bereska and Gavves, 2024).

To analyze the internal representations of LLMs,
causal methods such as activation steering and di-
rectional ablation (Turner et al., 2024) are used to
verify whether modifying specific internal direc-
tions leads to corresponding changes in model be-
havior (Panickssery et al., 2023; Chen et al., 2024).
Together, probing and causal interventions have
provided insight into how abstract features mani-
fest in model representations.

Previous interpretability studies (Park et al.,
2024b,a) have revealed that many high-level fea-
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tures in LLMs correspond to linear directions in
the representation space, such as time (Gurnee and
Tegmark, 2024), truth (Marks and Tegmark, 2024;
Azaria and Mitchell, 2023), space (Gurnee and
Tegmark, 2024), political perspective (Kim et al.,
2025), and instruction-following (Heo et al., 2025).
Other features such as sentiment (Tigges et al.,
2023) and refusal (Arditi et al., 2024) have also
been shown to exist linearly, although through a dif-
ferent interpretability method known as difference-
in-means (DIM). However, the underlying rep-
resentations may be non-linear, and linear meth-
ods may only provide an approximation of more
complex structures (Biirger et al., 2024; Hilde-
brandt et al., 2025; Engels et al., 2024). Re-
cent work has developed more sophisticated non-
linear frameworks and found multiple latent di-
mensions that capture these fundamental high-level
concepts, specifically refusal (Hildebrandt et al.,
2025; Wollschliger et al., 2025).

With sparse autoencoders and concept cones,
researchers have characterized multi-dimensional
representations of abstract features (Cunningham
et al., 2023; Liu et al., 2023; Sharkey et al., 2023).
The concept cones algorithm, in particular, is a
gradient-based search algorithm that, given an ini-
tial set of candidate vectors, learns a specific be-
havior. Each vector is validated to causally influ-
ence the target concept through steering or ablation.
This nonlinear method extends the interpretabil-
ity toolkit beyond linear assumptions by enabling
both analysis and controlled intervention (Liu et al.,
2023; Wollschldger et al., 2025).

In this paper, we extend the concept cone frame-
work to the domain of propositional fact, a subcat-
egory of truthfulness, exploring how this property
is internally represented by large language mod-
els. Specifically, by applying this framework, we
identified a possible multi-dimensional subspace
whose basis vectors each contribute to the model’s
ability to distinguish propositional true and false
statements, revealing a structured internal repre-
sentation of this kind of truth in language models.
Compared to refusal or sentiment, propositional
truth presents a unique challenge because it is se-
mantically grounded and logically structured. Un-
like refusal, which depends on stylistic or safety
cues, truthfulness depends on a model’s internal
alignment with world knowledge and logical con-
sistency, where small perturbations can affect the
output. This makes it a sensitive and informative
testbed for studying how abstract properties are

internally represented.

2 Background

2.1 Transformers

Decoder-only transformers (Liu et al., 2018) map
input tokens t = (¢1,t2,...,t,) € V" to output
probability distributions y = (y1,y2,...,¥yn) €
RVl Let xl(l) (t) € Rmowel denote the residual
stream activation of the token at position ¢ at the
start of layer I.! Each token’s residual stream is
initialized to its embedding xz(.l) = Embed(?;), and
then undergoes a series of transformations across
L layers. Each layer’s transformation includes con-
tributions from attention and MLP components:

Attn® (xglb (1)

e
xT = 20 4 e O (z1), (1)

(3

The final logits logits, = Unembed(xELH)) €

RM! are then transformed into probabilities over
output tokens y; = softmax(logits,) € RIVI.2

2.2 Internal Representations of Truth

Recent work suggests that LLMs can encode factu-
ality internally, even if their output does not always
reflect it (Azaria and Mitchell, 2023). Methods like
linear probing and DIM have been used to iden-
tify directions in the activation space, often in the
residual stream, that correlate with whether a state-
ment is true or false (Marks and Tegmark, 2024;
Biirger et al., 2024). We draw inspiration from
these works by using labeled data sets of true and
false English statements to investigate how truth is
geometrically embedded in the hidden states of the
model. Similar to Marks and Tegmark (2024) and
Biirger et al. (2024), we define truth as a specific
operationalization: simple, unambiguous propo-
sitional statements that can be labeled as true or
false.

Following Wollschlidger et al. (2025), who define
refusal properties for vectors, we define analogous
truth properties for vectors.

Definition of Truth Properties

* Monotonic Scaling: When using the direction
for activation addition/subtraction
W = Xgl) + « - r, the model’s probability of

2

'We shorten xgl) (t) to xgl) when the input t is clear from

context or unimportant.
This high-level description omits details such as posi-
tional embeddings and layer normalization.



being more truthful should scale monotoni-
cally with a.. So, the percentage by which the
model flips to the opposite answer (e.g. from
no to yes) should scale monotonically with a.

* Surgical Ablation: Ablating the truth direction
through projection

XD gm0, 2)

iz’ )
should cause the model to shift the answer
from an initially true output to a false output.

2.3 Model Interventions
2.3.1 Activation Addition

Given a linear direction vector that represents a
concept rl) € Rmoset extracted from layer I, we
can use linear interventions such as addition and
subtraction, scaled by some coefficient o € R, to
modulate the strength of the corresponding feature
in the activation space. For example, adding a
learned truth vector to the activations shifts the rep-
resentation toward regions of the activation space
associated with truthful outputs.

x0" — xO £ o.rO, (3)

Note that for activation addition, we intervene only
at layer [, and across all token positions.

2.3.2 Directional Ablation

To investigate the role of a direction € R%model jn
the model’s computation, we can erase it from the
model’s representations using directional ablation
(Arditi et al., 2024).

Directional ablation subtracts the component

along 1 for every residual stream activation x €
Rdmodel :

x — x —11Tx. 4)

@

7

We perform this operation at every activation x
and il@, across all layers [ and all token positions
. This effectively prevents the model from ever

representing this direction in its residual stream.

2.4 Gradient-Based Methods

Gradient-based methods are a class of interpretabil-
ity techniques that use gradients of model outputs
with respect to internal activations to identify in-
fluential features or directions by revealing how
small changes influence predictions. More recently,
Wollschlidger et al. (2025) have used gradients to

steer model behavior: specific objectives, such as
refusing unsafe inputs, can be encoded directly as
loss functions. By optimizing a single vector that is
added to or ablated from activations at specific lay-
ers, models can be guided toward target behaviors
(e.g., safe refusals) while minimizing side effects
on unrelated outputs. When applied to truthfulness,
this framework enables precise, interpretable inter-
ventions and allows models to express truth-aligned
responses without requiring full fine-tuning.

2.5 Concept Cones

Intuitively, a concept cone is a collection of di-
rections in activation space that all produce the
same behavioral effect when used for interventions.
The cone is defined by a set of orthonormal basis
vectors, and any nonnegative linear combination
of these vectors results in a direction that reliably
modulates the target behavior. For example, instead
of a single direction representing truth, imagine a
flashlight beam pointing outward from a shared
center. Any path within that beam still leads to
increased truthfulness.

Formally, as described in Wollschléger et al.
(2025), given a set of orthonormal vectors V' =
[v1,v2,...,v;] € RimoderXk we can form a ma-
trix whose columns are vectors that each exhibit
truth properties. The cone Ry is the set of all
nonnegative linear combinations of these vectors:

k
Ry ={>_ dwi | A =01\ {0}
1=1

All directions used in the cone correspond to the
same truth concept. The nonnegativity constraint
{Ai > 0} ensures that moving in any direction
within the cone reinforces the behavior rather than
canceling or reversing it.

3 Methodology

To investigate the existence and structure of di-
rections representing the notion of truthfulness
in language models, we start with the linear-
probe paradigm introduced by Marks and Tegmark
(2024). Specifically, we search for a direction in
the residual stream that best separates true and false
statements by feeding the model raw factual sen-
tences and fitting a linear regressor to their ground-
truth labels. As in the original work, the statements
we use are simple, unambiguous, and have topical
diversity.



We make the following modification: instead
of attaching a label offline, we ask the model to
answer each statement with a binary “Yes” or “No”
and use that forced choice as the supervision sig-
nal. This lets us treat the model’s own response
distribution as a self-labeled probe target, enabling
activation addition and ablation tests on the same
forward pass and providing targets for our gradient
descent approach.

We emphasize that all experiments are per-
formed on frozen models. Our interventions oper-
ate only by modifying internal activations during
a forward pass, without any gradient updates to
model weights.

3.1 Setup for Truth Representation Discovery

Each experiment involves prompting the LLM with
a short factual statement and requesting a binary
“Yes” or “No” response. We format the prompt
using a system instruction to make it clear that
the model should answer truthfully and concisely
(See Appendix C for all system prompts used). For
example:

System: Respond to the following

statements with either “Yes” or
“No” based on their factual
accuracy.

User: The Eiffel Tower is in
Paris.

Model: Yes ...

We assume that for sufficiently capable base
models, correct classification is achieved under nor-
mal conditions. Our goal is to test whether internal
directions in activation space causally mediate this
truthful behavior.

3.2 Causal Interventions: Addition and
Ablation

Let r) € Rmoael be a candidate direction vector
associated with the concept of truth at layer /. We
apply addition and ablation as follows:

* Directional Addition: Given a false state-
ment (where the base model typically outputs
“No™), we apply r(") additively to shift the
model’s behavior toward “Yes”.

* Directional Ablation: Given a true state-
ment, we remove the component along r(®)
from the residual stream. If r(") encodes truth,
the model’s output should flip from “Yes” to
“No”.

3.3 Loss-Guided Concept Cone Discovery

To discover a set of orthonormal basis vectors that
span a cone encoding the concept of truth, we opti-
mize a composite loss that encourages each vector
to:

1. Induce truth behavior when added to false
prompts.

2. Inhibit truth behavior when ablated from true
prompts.

3. Preserve unrelated model behavior (i.e., main-
tain fidelity to non-targeted inputs).

Objective. Following Wollschliger et al. (2025),
our optimisation target is a three—term loss

['total = >\1 »Cadd + AQLablate + )\S[fretaina

but with two implementation tweaks that adapt it
to binary truth—judgement:

1. Binary generation. At generation time we
zero out every logit except the two tokens Yes
and No and sample one token, which converts
the addition/ablation terms into standard bi-
nary cross-entropy losses.

2. Wide-scope retention. To guard against col-
lateral drift, L epin i8S measured on 30-token
continuations of Alpaca instructions, provid-
ing a broad behavioural footprint.

Formally the three components are:

1 N
Logd = — = Z log faaa(z + v)
‘Dfalsel € Dhalse
(Add, target y=1)
1 N
ﬁablme = -1~ Z log [1 - yablale(x — VVTJZ)]
‘D[me‘ 2 € Dirue
(Ablate, target y=0)
1
Lrelain = W Z Dk (Po(yl:ao ‘ ‘Z')H pv(y1:30 | SL‘))
alpaca

£4S Dalpaca

(Retain, KL)

Here 1,44 and §apiate are the post-softmax probabil-
ities of outputting Yes after, respectively, adding
or ablating the truth vector v at the chosen layer;
po and p,, denote the unmodified and perturbed 30-
token distributions for Alpaca prompts. The scalars
A1.3 balance steering power (Ladd, Lablate) against
fidelity (Lretain)-
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Figure 2: The Answer Switching Rate (ASR) of one dimensional cones across layers for Qwen and Gemma models.
The layer numbers have been normalized across larger and smaller models. The effectiveness spikes rapidly in all

models in the 0.60-0.75 range of normalized layer numbers.

4 [Experiments

4.1 Experiment 1: Localizing Truth Behavior
in Layers and Token Positions

Goal. We investigate which layers and token po-
sitions are most effective for capturing truth-related
behavior. Since a linear direction is simply a
one-dimensional concept cone, we first evaluate
whether truth can be causally mediated at each
layer using a single direction. If a model fails to en-
code truth behavior in a linear subspace at a given
layer, it is unlikely that a higher-dimensional cone
would succeed there either.

Procedure. To do this, we train a one-
dimensional cone (i.e., a linear direction) at each
layer and across the last five token positions, and
evaluate its Answer Switching Rate (ASR). Specifi-
cally, we measure the success of activation-based
interventions across multiple datasets and model
families by computing the ASR — the proportion
of inputs which affect model outputs after an inter-

vention.

Formally, we define the Answer Switching Rate
(ASR) as:

Definition of ASR

# of prompts whose output
becomes untruthful after ablation

baseline # of prompts that the model
answers truthfully

ASR =

In practice, the denominator is almost always
the same as the total number of prompts as the
models nearly always achieve full accuracy when
answering our simple propositions.

Results. Across both model families and sizes,

we find that truth-related directions reliably emerge

in the middle to later layers (specifically, between

60-75 percent of the normalized layer depth). As

shown in Figure 2, ASR increases sharply in this

range before decreasing sharply again in the very
last layers. Additionally, we find that the final to-
ken position consistently yields the strongest inter-
ventions, consistent with prior work showing that
high-level decisions often accumulate at the end
of the sequence (Arditi et al., 2024; Biirger et al.,
2024).

Based on these findings, we restrict our concept
cone search to this high-performing region of the
network. This choice is motivated both by empiri-
cal signal strength and by computational efficiency.
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Figure 3: The Answer Switching Rate (ASR) of cones from dimensions 1 to 5 across Qwen2.5 and Gemma2 models

with box plots showing the Monte Carlo sampling.

4.2 Experiment 2: Truthfulness Steering
Across Models and Dimensions with
Cones

Goal. The aim of this experiment is to assess the
effect of increasing dimensionality on the ability
causally mediate truthful behavior. While previous
results show that a single direction can causally
influence truthfulness, we seek to determine how
many additional, orthogonal directions can also
support this behavior before unrelated features be-
gin to dilute the effect. We do this across multiple
models from the Qwen-2.5 and Gemma-2 families,
spanning a range of parameter sizes.

Procedure. For each model, we construct con-
cept cones with dimensionalities ranging from 1 to
5. Each cone is generated using the optimization
procedure described in Section 3, which ensures the
basis vectors satisfy both causal and retention con-
straints. To evaluate generalization across the cone
space, we perform Monte Carlo sampling within
each cone by drawing random nonnegative combi-
nations of the basis vectors. We then measure the
effectiveness of each sampled direction using ASR
defined previously.

Results Table 1 presents the Answer Switching
Rate (ASR) across five language models (Qwen?2.5-

3B-Chat, Qwen2.5-7B-Chat, Qwen2.5-14B-Chat,
Gemma-2-2B-IT, and Gemma-2-9B-IT) as a func-
tion of the dimensionality of the concept cone used
for intervention. Each ASR value reflects the aver-
age success rate across Monte Carlo samples drawn
from the cone of that dimension. ASR results for
the Monte Carlo samples are summarized in Fig-
ure 3.

Table 1: Answer Switching Rate after intervention
across listed models and cone dimensions.

Model 1 2 3 4 5

Qwen 14B 100 100 98.6 912 100

Qwen 7B 100 100 100 100 100

Qwen 3B 98.6 451 672 789 653

Gemma9B 100 100 100 98.6 973

Gemma2B 100 100 53.7 43.1 27.1
Interpretation. The results in Table 1 suggest

that increasing the dimensionality of the concept
cone generally improves the model’s ability to in-
ternalize and respond to truth-aligned interventions.
Starting with dimension 1, we observe that an indi-
vidual direction works very well with little variance.
Larger models, such as Qwen-2.5-7B and Gemma-
2-9B, maintain high ASR even as dimensionality
increases, meaning that higher dimension cones ex-
ist within their activation space. This is consistent
with findings from Wollschlédger et al. (2025) in the



domain of refusal behavior.

However, the trend is not monotonic: beyond
a certain point, ASR begins to decline, indicating
that additional directions may start to capture un-
related features and dilute the effectiveness of the
intervention. This effect is especially evident in
smaller models, where cone dimensions above 2 or
3 yield diminishing or negative returns. Nonethe-
less, the models still show multiple dimensions
that independently support truth-aligned behavior.
For example, both Qwen-7B and Gemma-9B main-
tain near-100% ASR across all tested dimensions,
showing that there is at least a 5-dimensional cone
that causally mediates truth.

4.3 Experiment 3: Retention of General
Capabilities via KL Divergence

Goal. While the purpose of truth-direction inter-
ventions is to modify the model’s factual response
behavior, we must ensure they do not interfere with
unrelated capabilities. This experiment evaluates
how much the intervention alters model output on
a general instruction-following benchmark, using
KL divergence as a metric of deviation. This oper-
ationalizes the L etin 10ss term defined in Section
3.

Dataset. We use the ALPACA (Taori et al., 2023)
dataset, a popular instruction-following benchmark
designed to elicit helpful, safe, and general-purpose
completions.

Procedure. We randomly select 200 prompts that
are unlikely to invoke factual disputes (e.g., sum-
marization, rewriting, math, or basic instructions).

For each cone that we generate, we compare the
original model’s outputs to those produced after
applying directional ablation using the discovered
truth directions. The intervention is applied glob-
ally (all tokens, all layers) as described in Equa-
tion 4. As a threshold, we don’t consider cones
with basis vectors with a KL Divergence above 0.1,
following the precedent of papers like Arditi et al.
(2024).

Results. We report the mean KL divergence
across 200 Alpaca prompts in Table 2. We find that
the truth-direction ablation leads to only minimal
divergence from the original output distribution,
suggesting that the intervention does not signifi-
cantly affect unrelated capabilities.

Interpretation. All models show low average
KL divergence, especially the larger variants. This

Table 2: Mean KL divergence on Alpaca prompts (lower
is better).

Model Mean KL Divergence
Qwen2.5-14B 0.038
Gemma-2-2B 0.045
Qwen2-7B 0.026
Gemma-2-9B 0.031

suggests that the discovered truth directions are
highly specific and do not interfere with general
instruction-following behavior. The effectiveness
of Lietain as a regularization objective is empirically
supported by this result.

4.4 Experiment 4: DIM vs. Cone Alignment

We measure how closely the classic DIM truth
vector aligns with the orthonormal directions dis-
covered by our concept cone. Cosine similar-
ity is reported in Table 3; values near 1 indicate
strong overlap. For example, the first column pro-
vides the cosine similarity between each vector in
a 2-dimensional cone and the DIM direction for
Gemma-2-9B.

Table 3: Cosine similarities between the DIM direction
and cone basis vectors in Gemma-2-9B, transposed for
dimensions 2-5.

Dim 2 Dim 3 Dim 4 Dim 5
v; 1.23x107Y 1.45x10°1 2.00x10"%  2.26 x 10~ !
vy —3.72x107°% 1.74x107°% 3.03x107° —6.98 x 1071°
vs — 1.16 x 1072 —2.33x 1072 —4.19 x 10~°
vg — — 2.33x 10710 8.38 x 107°
vs — — — 3.03 x 10~°

Results. Only the first cone axis has any align-
ment with DIM, confirming that DIM captures just
one facet of the multi-dimensional truth subspace;
the remaining axes capture independent structures
of truth.

5 Discussion

Our findings reveal that while a single direction
derived from the DIM method already captures
a strong causal representation of truth in LLMs,
it does not fully exhaust the structure underlying
truth-related behavior. Through our concept cone
approach, we identified additional orthogonal direc-
tions with low cosine similarity to the DIM vector
that also reliably steer model outputs on proposi-
tional truth tasks. This suggests that truthful behav-
ior may not be confined to a single axis—multiple
directions can be independently influenced. These



directions potentially correspond to distinct or se-
mantically adjacent components of factual reason-
ing, such as modality, certainty, or domain-specific
features, although further research is required to
conclusively establish this.

The success of both DIM and cone-based inter-
ventions suggests that truth may be linearly separa-
ble in the model’s representation space. While the
directions that independently modulate truthful be-
havior can imply that this structure may be richer
than a single linear axis, it does not necessarily
prove that the underlying representation of truth
is nonlinear. It does, however, open up important
questions in the context of model deception, robust-
ness, and interpretability. If multiple, semantically
adjacent directions can influence truthfulness, mod-
els may be more vulnerable to manipulations that
subtly shift their outputs without obvious signs of
tampering within the first truth direction. Under-
standing the geometry of these truth-related sub-
spaces is essential for building models that are not
only aligned, but resilient to adversarial or unin-
tended shifts in behavior.

6 Conclusion and Future Directions

In this work, we showed that multi-dimensional
concept cones can reliably steer the behavior of
LLMs on true/false propositions across multiple
architectures and sizes, while minimally impacting
unrelated behaviors. Our results reveal that, be-
yond a single “truth direction,” there exists a robust
subspace of activation vectors whose positive com-
binations consistently modulate factuality. These
findings show increasing promise for concept cones
as an interpretability toolkit and underscore new
avenues and risks for alignment, calibration, and
adversarial manipulation of model truthfulness.

Several promising avenues remain. Concept
cone search reliably uncovers a subspace, but we
are yet to find semantically meaningful labels for
the basis vectors. Future work could pair cones
with automated clustering or sparse autoencoding
so that each basis vector corresponds to an inter-
pretable facet of truth (e.g. temporal facts, geo-
graphic facts, or commonsense). Extending the
method to larger, instruction-tuned models and to
multimodal settings would also test its robustness
and reveal whether these semantic dimensions per-
sist across scale and modality.

7 Limitations

7.1 Model Scale

All experiments were conducted on relatively small
open-source models (1.5B—7B parameters). While
we observe clear directional structure in the resid-
ual stream of mid-sized models, these findings may
not generalize to larger frontier models or architec-
tures with substantially different alignment proto-
cols. Notably, smaller models exhibit lower ASR,
with PCA visualizations revealing weaker separa-
tion of truth-related directions, especially in later
layers. This suggests that representational abstrac-
tion of truth may emerge more clearly with scale.

7.2 Logical Forms

One important limitation worth pointing out is that
the discovered cone may encode behaviors that are
strongly semantically correlated with truthfulness,
such as negation flipping, but do not encode the
idea of truthfulness itself. For example, the ability
to reverse Yes/No responses might stem from a la-
tent negation vector. Without testing more complex
logical structures, such as conjunctions or disjunc-
tions, we cannot rule out such alternate interpre-
tations. Disambiguating these alternatives would
require creating more structured prompts reflecting
different logical forms, such as conjunctions, dis-
junctions, or nested conditionals. We leave this for
future work.

7.3 Scope

Our operationalization of truth is deliberately nar-
row, limited to simple, unambiguous propositional
facts with binary truth values. While this design
choice enables controlled evaluation and precise
intervention, it excludes a wide range of more com-
plex and realistic truth conditions. For example,
statements whose truth depends on context ("It is
raining") or involve graded certainty ("The paint-
ing is likely a Van Gogh") fall outside our current
scope. Likewise, subjective or perspectival state-
ments, as well as cases involving indirect implica-
tions or presuppositions, are not addressed by our
experiments.

This simplification also limits interpretability:
the discovered directions or cones may encode
heuristics that correlate with truthfulness in our task
distribution but may not generalize to richer notions
of factual correctness. Future work should explore
whether similar geometric structures exist for more
nuanced formulations of truth, such as those in-



volving logical connectives, nested propositions,
modality, or counterfactual reasoning. Extending
the concept cone framework to handle these more
complex phenomena would test its robustness and
applicability to broader interpretability goals.

Our experiments span only two model families
(Gemma and Qwen). Whether the learned direc-
tions are robust across larger models, instruction-
tuned systems, or models trained with reinforce-
ment learning from human feedback (RLHF) re-
mains an open question. Broader testing across
model classes and scaling trends is an important
direction for future research.

7.4 Subspace Understanding

Although we demonstrate that a low-dimensional
sub- space (or “cone”) can causally mediate truth
behavior, our method does not guarantee the dis-
covery of a maximally informative or interpretable
subspace. We leave for future work the develop-
ment of principled methods) for example using
sparsity constraints, disentanglement metrics, or
unsupervised clustering) to assign semantic mean-
ing to individual cone axes.
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A Setup Details

A.1 Implementation Details

Experiments run on NVIDIA H100-80GB GPUs using PyTorch 2.20 and HF Transformers 4.41. Core
settings are in Table 6.

Table 4: Hardware and hyper-parameters.

GPUs 1xH100 (probing)

Batch size 4

Number of Samples (during training) 16

Precision bfloat16

Optimizer AdamW

Code base transformer-lens @.9.1

nnsight 0.3.7

A.2 Datasets

Table 5: Full datasets used in experiments

Cities Link
Animals Link
Elements Link

A.3 Models

Table 6: All Models used in Experiments

Qwen2.5-3B-Instruct ~ Link
Qwen2.5-7B-Instruct  Link
Qwen2.5-14B-Instruct  Link
Gemma-2-2B-IT Link
Gemma-2-9B-IT Link

B Additional Experiments

B.1 Sentiment

Previous literature (Tigges et al., 2023) suggests that sentiment has a linear representation, similar to
other concepts such as refusal (Arditi et al., 2024). We tried to extend our methodology to sentiment to
determine whether it has a concept cone representation. In particular, we trained a concept cone on the
Stanford Sentiment Treebank (Socher et al., 2013) which consists of 10,662 one-sentence movie reviews
with fully labeled parse trees. We failed to find a meaningful concept cone for sentiment. Further work
could explore alternative techniques for finding a higher-dimensional representation for sentiment.

B.2 Toxicity

We explored the existence of higher-dimensional representations for toxicity. We trained a concept cone
on the ToxiGen benchmark (Hartvigsen et al., 2022) which consists of 274,000 toxic and benign phrases
about minority groups such as such as Black, Asian, Latino, Jewish, Muslim, LGBTQ+, women, and
individuals with mental or physical disabilities. We first computed a difference-in-means (DIM) direction.
We also computed a direction by taking the difference between the activations of a student model that
generates toxic output (typically an instruction-tuned model) and a teacher model that doesn’t generate


https://github.com/sciai-lab/Truth_is_Universal/blob/main/datasets/cities.csv
https://github.com/sciai-lab/Truth_is_Universal/blob/main/datasets/animal_class.csv
https://github.com/sciai-lab/Truth_is_Universal/blob/main/datasets/element_symb.csv
https://huggingface.co/Qwen/Qwen2.5-3B-Instruct
https://huggingface.co/Qwen/Qwen2.5-7B-Instruct
https://huggingface.co/Qwen/Qwen2.5-14B-Instruct
https://huggingface.co/google/gemma-2-2b-it
https://huggingface.co/google/gemma-2-9b-it

toxic output (typically an instruction-tuned model) on the dataset, a method described in Wang and Shu
(2023). Testing this direction using ablation failed, as the resulting output was unintelligible. Testing the
DIM direction using ablation did disable strong refusal (the model did not say "I cannot respond" outright)
but would still refuse to generate toxic output. Since we were unable to obtain a valid linear direction for
toxicity, we were unable to generate high-quality targets and as a result, were unable to train a valid cone.
Further work could explore better methods for obtaining a direction for toxicity.

C Full List of System Prompts

System-level instructions exert a strong influence over an LLM’s eventual answer: recent work shows that
even minor wording differences can sway a model toward a different multiple-choice option, particularly
when those differences encode authority or confidence (Anagnostidis and Bulian, 2024); that prompts
which explicitly acknowledge uncertainty often elicit more calibrated responses (Zhou et al., 2025); and
that a model’s overall “steerability” rises or falls with the directness of the request phrasing (Miehling
et al., 2025).

Table 7: Example system prompts that force a binary Yes/No answer.

Prompt wording
Respond to the following statement with a “Yes” or a “No.”

Respond to the following statements with either “Yes” or “No”” based on their factual accuracy.
Answer with exactly one word—''Yes"' if the statement is true, otherwise '""No''".

AW N~ 3

Based on your best estimate of the following statement, respond “Yes” or “No.”

D Token choice to represent True/False

In our experiments, we frame factual statements as binary questions and constrain the model’s output
to the tokens Yes and No. We also tested alternative tokenizations such as yes/no and true/false, but
found that these variations had no significant effect on steering outcomes or ASR. Interestingly, when the
output vocabulary is left unrestricted, models occasionally respond in non-English equivalents of “Yes”
and “No” (e.g., Si, Nein) following truth-direction interventions. This suggests that the underlying truth
representation may generalize across lexical choices, although further investigation is needed to confirm
cross-lingual consistency.

E Cosine Similarities

We see the same trend for cosine similarity across models, where other than the first dimension, all
increasing dimensions have extremely low cosine similarity to the DIM direction.

Table 8: Cosine similarities between the DIM direction and cone basis vectors in Qwen-2.5-9B, transposed for
dimensions 2-5.

Dim 2 Dim 3 Dim 4 Dim 5
vy —157x1071 1.82x 1071 1.34x 10! 1.67 x 1071
vy —4.23%x1072 291 x107? —1.08x1072 —574x10710

U3 — 356 x 1079 —742x 1072  6.13x 1079
V4 — — 287 x 1079 —2.45x 10710
Us — — — 4.39 x 1079

F Code

All code will be open-sourced on Github.



G PCA Visualizations

As a cursory introduction into understanding literature of linear representations of truth, we recreated
Principal Component Analysis visualizations of all models used in the experiments on the datasets onto
their top two principal components. All components are listed below.
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Figure 4: Projections of Gemma-2-9B, representations of datasets onto their top two PCs, across all layers.



Figure 5: Projections of Qwen2.5-7B representations of datasets onto their top two PCs, across all layers.
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