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Abstract

Large Language Models (LLMs) often encode
whether a statement is true as a vector in their
residual stream activations. These vectors, also
known as truth vectors, have been studied in
prior work, however how they change when
context is introduced remains unexplored. We
study this question by measuring (1) the direc-
tional change (#) between the truth vectors with
and without context and (2) the relative magni-
tude of the truth vectors upon adding context.
Across four LLMs and four datasets, we find
that (1) truth vectors are roughly orthogonal
in early layers, converge in middle layers, and
may stabilize or continue increasing in later lay-
ers; (2) adding context generally increases the
truth vector magnitude, i.e., the separation be-
tween true and false representations in the acti-
vation space is amplified; (3) larger models dis-
tinguish relevant from irrelevant context mainly
through directional change (6), while smaller
models show this distinction through magni-
tude differences. We also find that context con-
flicting with parametric knowledge produces
larger geometric changes than parametrically
aligned context. To the best of our knowledge,
this is the first work that provides a geometric
characterization of how context transforms the
truth vector in the activation space of LLMs'.

1 Introduction

As Large language models (LLMs) get increas-
ingly adopted in high stakes applications, it be-
comes important to understand how they process
and represent information internally. Prior work
(Hollinsworth et al., 2024; Gurnee and Tegmark,
2023; Marks and Tegmark, 2024) studies how con-
cepts are encoded in model activations, specifically
using activations from residual stream (after the
MLP layer)?. They find that many high-level con-
cepts, including whether a statement is true, are
'Our code is anonymized and available here

?In the rest of the paper, by "residual stream” we will mean
after the MLP layer without explicitly clarifying it.

represented as linear directions (i.e. vectors) in
the activation space (termed “truth directions”).
Prior work (Burns et al., 2023; Azaria and Mitchell,
2023; Marks and Tegmark, 2024; Li et al., 2023;
Bao et al., 2025) shows that linear classifiers can
reliably separate true from false statements in the
LLM activation space, implying a geometric struc-
ture to how truth is represented. However, these
studies do not study how this geometry changes
when context is added. While in-context learning
and retrieval-augmented-generation have proven
effective at improving model outputs without re-
training (Brown et al., 2020; Min et al., 2022; Wei
et al., 2023; Lewis et al., 2020; Gao et al., 2023),
how the geometric structure of statement-level truth
changes when context is added remains underex-
plored. It is precisely these geometric changes in
the direction and magnitude of residual stream ac-
tivations when context is added that we study in
this work. We contribute the first characterisation
of how truth geometry transforms when context is
added. Understanding this has theoretical implica-
tions for how LLMs process context, and practical
implications for designing retrieval-augmented and
in-context learning systems that more reliably inte-
grate contextual knowledge.

We analyze the residual stream activations when
an LLM processes a statement with and without
context. For both conditions, we extract the vec-
tors in activation space that separate true from false
statements i.e., the “truth vectors”. We hypothe-
size that adding context should alter this geometric
structure. To test this, we examine two geometric
properties: the angle between the truth vectors with
and without context (#), which captures directional
change, and the relative magnitude of the truth vec-
tors, which captures whether context amplifies or
compresses the separation between true and false
representations in the activation space.

Experiments with four LLMs and four datasets,
spanning diverse domains and context types, show
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the following three findings: (1) Three-phase pat-
tern of directional change: Comparing truth vec-
tors with and without context, we find that truth
vectors are approximately orthogonal in early lay-
ers, converge sharply in early to middle layers, and
then either stabilize or continue increasing in later
layers depending on the dataset. (2) Increase in
Relative Magnitudes: Adding context generally
increases the truth vector magnitude, i.e., the sep-
aration between true and false representations in
the activation space increases. (3) Sensitivity to
relevant vs irrelevant context: On comparing rel-
evant context with randomly generated and irrele-
vant context, we find that relevant context gener-
ally produces a higher directional or magnitudinal
change. These findings are statistically significant
across models and datasets. Collectively, our re-
sults provide novel empirical evidence on how con-
text reshapes the geometric structure of statement-
level truth representations in the activation space
of LLMs.

2 Related Work

Truth Representations in LLMs Understanding
how LLMs represent truth has received attention.
Burns et al. (2023) introduce Contrast-Consistent
Search (CCS), an unsupervised methodology show-
ing that truth directions can be extracted from
model activations. This work shows that LLMs
encode truth as a linear direction in their represen-
tation space. Marks and Tegmark (2024) extend
this using mass-mean probes, which compute the
mean difference between activations for true and
false statements to identify truth directions. Li
et al. (2023) introduce Inference-Time Intervention
(ITI), showing that shifting model activations along
truthful directions can significantly improve LLM
truthfulness. This work distinguishes between gen-
eration accuracy (measured by model output) and
probe accuracy (classifying statements using inter-
mediate activations); similarly to this, our work
also focuses on internal representations rather than
output behavior. Biirger et al. (2024) address the
failure of truth probes to generalize across negated
statements by showing that truth is represented
in a two-dimensional subspace rather than a sin-
gle direction. Lastly, Bao et al. (2025) find that
consistent truth directions emerge in more capable
models and that probes trained on factual state-
ments generalize to in-context settings, including
question answering grounded in provided passages

and abstractive summarization. However, they test
whether a single probe transfers across these set-
tings, not whether the geometric structure of truth
vectors change when context is introduced. Our
work addresses this gap directly.

While the above work establishes that truth has a
geometric structure in the activation space of LLMs
and tests if truth probes generalize in different set-
tings, it does not directly examine how truth vec-
tors change when context is added. It is precisely
this gap that our work addresses by measuring the
geometric transformations, namely, the directional
change 6 and relative magnitude shift between truth
vectors with and without context, showing that con-
text induces consistent layer-dependent changes.

Activation Steering and Contrastive Vectors
Prior work has shown that LLM behavior can be
steered by adding contrastive vectors to model ac-
tivations (Turner et al., 2024; Rimsky et al., 2024;
Zou et al., 2023; Subramani et al., 2022). These
vectors are typically computed as the mean differ-
ence between the activations of two contrasting
conditions, such as truth and false (Li et al., 2023),
toxic and non-toxic (Liu et al., 2024), or positive
and negative sentiment (Turner et al., 2024). Dur-
ing inference, the contrasting vectors are added
back to shift the model’s behavior. Here, magni-
tude of the contrastive vector is a key hyperparam-
eter, serving as the strength of intervention. We
take inspiration from steering techniques for our
method and instead of using vectors to modify be-
havior, we observe how truth vectors change when
context is introduced.

Context Utilization Research on in-context
learning has focused on how models use instruc-
tions and exemplars to recognize tasks and learn
input-output mappings (Brown et al., 2020; Min
et al., 2022; Wei et al., 2023), with evidence that
task recognition occurs in the middle layers (Sia
et al., 2024). While prior work has focused on how
LLMs utilize context by analyzing the generated
outputs (Du et al., 2024; Marjanovic et al., 2024;
Hagstrom et al., 2025) or by probing the residual
stream activations directly to detect knowledge con-
flict signals (Zhao et al., 2024), our work focuses
on how context geometrically changes the direction
of truth in the residual stream activations.



3 Methodology

Task Description To analyze how context in-
duces changes to the truth vector, we set up a text
generation task as shown in Figure 1. Given a
statement, we create four prompts: supporting or
refuting the statement, each with or without con-
text. The LLM is instructed to continue the gener-
ation supporting or refuting the statement. Figure
la shows the complete prompt for generating a
completion that supports the statement, with con-
text. We ensure that the first token generated by the
model is “)” for a fair comparison between gener-
ations supporting and refuting the statements. We
vary the [ Selected Choice | field in the prompt (Fig-
ure la) to generate the completions and randomize
the choices within the [ Choice ] field to remove any
bias arising from the ordering of the options. This
setting is similar to that described in Rimsky et al.
(2024). Next, we use the ground truth labels from
the dataset to map generations into true and false.

Truth Vectors from Residual Stream Activations
We define the truth vector by taking the difference
of the residual stream activations used to produce
the first token in [completion | for true and false
generations in each layer. We extract the activa-
tions used to generate the first output token (i.e.,
activations at the final token position of the prompt)
as this position aggregates information from the
entire input via causal attention and is not influ-
enced by subsequently generated tokens (Marks
and Tegmark, 2024; Burns et al., 2023). For a state-
ment k, we define the truth vector in layer [ as:

vl(cl) = l(cl,)True - al(cl,)False (1

0] O] ;
where a ko True (resp. ak,False) are the residual stream

activations to generate the first token for true (resp.
false) completions. We extend Eq. 1 to account for
the generation with and without context:

(O O] 0
Vkne = @ True,nc — @k False, nc 2

0 _ @ 0)
Ve = Ok True, ¢ — %k False, ¢ 3)

For a statement k, v,(fzm (resp. v,(j)c) is the truth vec-
tor in layer [ without context (resp. with context).

Calculating Theta and Relative Magnitude We
compute how adding context changes the truth vec-
tor through two geometric properties: directional
change ¢ and relative magnitude. 6 is the direc-
tional change between the truth representations

[Instruction]: You are given a [statement], [context], [choices], and [selected
choicel. Your task is to continue the text generation based on the [selected
choice] by completing the [completion], first by generating a closing parenthesis,
’)’, followed immediately by the verbatim [selected choice] ("Yes" or "No") and a
period. After this prefix, provide a 3-4 sentence justification for the choice. The
[statement] field can be 'None' or contain few sentences.

<Few-Shot Exemplars>
[Input]
[Statement]: <Lough Foyle is a territory of United Kingdom>
[Context]: <Lough Foyle is a disputed territory between the Republic of Ireland
and the United Kingdom; after the Partition of Ireland in the early 1920s .......
...Britain's claim to the entirety of Lough Foyle.>
[Choicel: <(A) Yes (B) No>
[Selected Choicel: (A
[Completion]:

(a)

Statement Context

a a i A Lough Foyle is a disputed territory between the
Lough Foyle is a territory of United Kingdom Republic of Ireland and the United Kingdom;...

No Context Context

e
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g
Refutes Statement \"4 V/
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Figure 1: (a) Prompt to generate completion supporting
the statement with context. (b) Given a statement, we
create four prompts: supporting or refuting the state-
ment, each with or without context. The LLM generates
a completion for each prompt.

with and without context. A large 6 implies that the
directions of truth are fundamentally different in
the residual stream. For a statement k, we compute
the directional change 6 in layer [ as:

n
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For a dataset D, we average across all the state-

ments Ny, to get the 6 in layer [ as:

l
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where | V| is the total number of statements.
Relative magnitude signifies the separation be-
tween the true and false representations in the resid-
ual stream. Values above 1 mean that context in-
creases the separation between true and false rep-
resentations, while values below 1 mean that con-
text decreases the separation. To calculate relative
magnitudes, we use the Lo norm distance between
true and false representations when no context is
present as a baseline (see AB in Figure 2). Next,
we check if the distance between true and false
representations increases or decreases when con-
text is added. For a statement k, we compute the
increase in relative magnitudes between true and



false representations when context is added as:
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Eq. 6 corresponds to measuring g—g in Figure 2.
For a dataset D, we average across all statements
Ni to get the relative magnitudes for the entire
dataset in each layer [ as:

o _1 (1)
7Mrn’D,tc—fc - |Nk‘ Zrmk,tc—fc (7)
k

where | N[ is the total number of statements. We
also calculate the vectors v,(cl;cf e and v,(f;nﬁ fe to
measure the relative magnitudes in the case when
context is added to generate either true or false
completions while generating the other completion

without any context (see Appendix A.2).

True: context

D

False: context Vk,e

False: no True: no

context context

Figure 2: For a statement k, vy n. (AB) is the truth
vector without context and vy, . (CD) is the truth vector
when context is added. 6 is the angle between vy, ,,c
and vy . denoting the directional change (Eq. 4). To
track relative magnitudes, we compute the ratio of Lo

distances: %g, ﬁ—g and Eg as per Eq. 6, 10 & 11.

4 Experiments

We aim to study how the geometric structure of the
truth vector (specifically its directional change 6
(Eq. 5) and relative magnitude (Eq. 7)) changes
when context is introduced. We select only state-
ments where the LLM follows instructions across
all four prompts (Figure 1b); see Appendix A.8.

LLMs We use four instruction-tuned models
spanning different scales (3B-12B) and fami-
lies: LLama-3.1-8B-Instruct (Grattafiori et al.,
2024), Mistral-Nemo-12B-Instruct (Mistral Al and
NVIDIA, 2024), Qwen3-4B-Instruct (Yang et al.,
2025) and SmolLM3-3B (Bakouch et al., 2025).
This selection allows us to examine whether the ob-
served geometric transformations generalize across

Dataset Rows Len. Read. Context Type
Borderlines 982 1539 413 Geo. factcheck
Politifact 907 114.6 47.7 Pol. factcheck
ScienceFeedback 618 128.5 39.6  Sci. factcheck
MEF2 1736 4579 57.2 Movie synopsis
CL-Bill 500 1853 6.9 Legalbills
CL-Company 500 657.5 10.7 Company descr.
ConflictQA- 1244 824 46.0 Parametrically
Counter counter context
ConflictQA- 1244 50.8 539 Parametrically
Parametric aligned context

Table 1: Dataset statistics. Len. is mean context length
in words. Read. is the Flesch Reading Ease (0-100, the
lower, the harder the text). Borderlines, Politifact and
ScienceFeedback are subsets of DRUID. CL denotes
Corporate Lobbying datasets from LegalBench.

model scale. As our task is text-generation fol-
lowing a specific set of instructions, we use off-
the-shelf instruction fine-tuned models. We use
Huggingface API for inference with greedy decod-
ing sampling to ensure reproducibility. All experi-
ments were conducted on NVIDIA A100 and H100
GPUs, requiring approximately 500 GPU hours.

Datasets We use datasets containing statements
and relevant contexts: Druid (Hagstrom et al.,
2025), MF2 (Zaranis et al., 2025), ConflictQA
(Xie et al., 2024) and LegalBench (Guha et al.,
2023). We select three subsets from Druid: Border-
lines, Politifact and ScienceFeedback and analyze
them separately as the context type varies across
them. See Table 1 for a dataset summary and Ap-
pendix A.1 for details. While Druid, MF2 and
LegalBench contain real world data, ConflictQA
is a synthetic dataset. We use two subsets from
ConflictQA: Parametric and Counter. ConflictQA-
Parametric contains context which is aligned to
the LLM’s parametric knowledge and ConflictQA-
Counter contains context which goes against the
parametric knowledge. In Table 1 we also show the
Fleisch score of context, which approximates hu-
man difficulty in understanding text (Flesch, 1948).

5 Results and Discussion

5.1 Directional Change across Layers

To understand how context changes the truth rep-
resentations in the residual stream, we begin with
a layer-wise analysis of directional change 6. Fig-
ure 3 shows how 6 changes across layers. A lower
f means higher similarity between truth vectors
with and without context. All four LLMs show a
consistent 3-phase pattern: 6 remains high (near
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Figure 3: Layer wise plot of average 6 in degrees across different models and datasets indicating the directional
change in truth vectors when context is added. Vertical red lines indicate the beginning of a new phase. Across all
the settings, we observe three phases: Phase-1, where the truth vectors are almost orthogonal, Phase-2, where the
truth vectors become more similar and finally Phase-3, where truth vectors stabilize or continue increasing.

orthogonal) in early layers, drops sharply in middle
layers to reach a minimum, and then either sta-
bilizes or increases in later layers. LLaMA and
Mistral begin decreasing around layer 9, reaching
minima near layer 15, while smaller models (Qwen,
SmolLM) show prolonged early phases until layers
14-16 with later minima (layers 20-25). In later
layers, behavior varies by model-dataset combina-
tion. This 3-phase pattern, and especially the con-
vergence of the truth vectors in the middle layers,
is consistent with prior findings that early layers
handle low-level input processing, middle layers
encode semantic information, and later layers shift
toward next-token prediction (Ghandeharioun et al.,
2024). Early LLM layers have been related to cap-
turing syntactic meaning (Li and Subramani, 2025).
As such, the direction of “truth” can potentially
have less meaning in early layers - leading to or-
thogonality in phase-1. We also verify this using
probes built to classify truth using residual stream
activations. We observe that accuracies often peak
in the middle layers and are usually low in the ear-
lier layers (Appendix A.4). Further, we note that
while larger models compress the initial stage into
fewer layers (until layer 9), smaller models take
longer (until layers 14-16).

The convergence in the middle layers indicates
that truth vectors with and without context become
more similar. This aligns with prior work showing
that middle layers are the primary site for semantic
encoding (Ghandeharioun et al., 2024; Geva et al.,
2023), factual knowledge retrieval (Meng et al.,
2022), and task-relevant representations (Hendel
et al., 2023). Ghandeharioun et al. (2024) observe
that steering vectors are most effective in middle
layers, where input processing has concluded but
next-token prediction has not yet dominated, and

Sia et al. (2024) find that task recognition in ma-
chine translation occurs in similar layers. Similarly
to Azaria and Mitchell (2023), we also observe
that accuracies of probes often peak in the middle
layers (Appendix A.4). Notably, 6 never reaches
zero, suggesting that while truth vectors converge,
the models maintain distinct representations for
statements with and without context.

In phase 3, 6 shows a flat trend for most datasets,
suggesting that truth vectors have largely converged
by the middle layers. However, for ConflictQA-
Counter and Politifact, 6 increases in later lay-
ers for LLaMA, Mistral, and Qwen, possibly re-
flecting continued processing of context that con-
flicts with parametric knowledge. Notably, 6 val-
ues for ConflictQA-Counter consistently exceed
those for ConflictQA-Parametric, indicating that
contradictory context induces greater directional
shift than aligned context. This is consistent with
prior findings that LLLMs exhibit confirmation bias
towards memory-aligned information (Xie et al.,
2024) and that knowledge conflicts arise from com-
peting memory heads and context heads in later lay-
ers (Jin et al., 2024). Further, prior work suggests
that deeper layers are often redundant and can be
pruned with limited performance loss (Men et al.,
2025), though the final layer remains important.
Our results suggest that later-layer contributions
may also be context-dependent.

5.2 Relative Magnitude

To understand how context affects the separation
between true and false representations, we compute
the relative magnitude of the truth vector when con-
text is added (as described in Section 3. The results
for the relative magnitudes in the final layer are
shown in Table 2 and a layerwise analysis is pre-



Dataset LLaMA Mistral Qwen SmolLM
Borderlines 1.18* 1.08* 1.13* 1.11*
Politifact 1.01 0.85 1.07* 1.15*
ScienceFeedback 1.10* 0.87 1.00 1.19*
MF2 1.13* 1.00 1.06* 0.96
CL-Bill 1.06* 1.06* 1.00 0.95
CL-Company 1.15* 1.18* 1.06" 1.00
ConflictQA - Counter ~ 1.20™ 0.98 0.98 1.26"
ConflictQA - Param 1.34* 1.02 1.06™ 1.16*

Table 2: Relative magnitude (Eq. 7) averaged over state-
ments from the final LLM layer across datasets. Values
above 1 mean that the truth vector magnitude increases
when context is added. * marks stat. significance of p <
0.05 with the Wilcoxon signed-rank test.

sented in Figure 4. Relative magnitude values A
above (resp. below) 1 mean that the separation be-
tween true and false representations increase (resp.
decrease) when context is added.

Figure 4 shows a certain variability across LLM
layers with respect to relative magnitude, however
one common pattern is a peak in middle layers
followed by a decline and eventual stabilization.
LLaMA shows early-layer variability, an upward
spike around layers 15-20, then stabilization. Mis-
tral exhibits a spike around layers 10-15, a sharp
decline through layers 15-20, then stabilization.
Qwen shows a spike around layer 22, then de-
clining until layer 27 before stabilizing. SmolLM
displays a spike around layers 17-19, a slight de-
crease, and a secondary smaller spike around layers
25-27, though this later spike is absent for MF2
and Corporate Lobbying. Across models, middle-
layer spikes almost always exceed 1, indicating that
the separation between true and false representa-
tions are maximum in the middle layers. Notably,
middle layers are often responsible for semantic
encoding (Ghandeharioun et al., 2024). Although
relative magnitudes decrease toward later layers,
they generally remain above 1, even in the final lay-
ers (Table 2). In the final layer, LLaMA increases
the average relative magnitude of the truth vector
across 7 out of 8 datasets. However, the results
are mixed for other models. Additional results are
found in Appendix A.2 and Appendix A.7.

Note that we also examine whether 6 and rel-
ative magnitude correlate with changes in output
probability for “True" and “False" tokens when
context is added (Appendix A.5). We find some
correlations, but not consistently across datasets
and models. This suggests that ¢ and relative mag-
nitudes do not necessarily translate to probabilistic
differences in the output generation.

Model Dataset Char Word Salad Wiki  Shuffle

Borderlines 2.84* 6.87* 0.71 6.32* 5.32*
Politifact 11.81* 13.88" 11.92* 12.22* 13.47*
ScienceFeedback 2.55 4.79* 3.36 7.07* 3.97*
LLaMA  MF2 1.13* 1.71* 4.91* 7.12* 2.08*
CL-Bill —1.73 —0.15 —1.13 —1.39 —1.63
CL-Company —10.43 -10.9 -3.93 —3.81 —2.86
ConflictQA-Counter  22.38*  22.16* 18.18* 18.10* 13.01*
ConflictQA-Param 2.03 2.49 —7.51 —7.00 —10.29
Borderlines 3.09" —0.04 3.66™ 0.21 1.07
Politifact 18.05* 19.12* 20.97* 19.01* 18.53*
ScienceFeedback 1.49 4.58" 8.05 4.69" 5.49*
Mistral MF2 7.61*  10.22* 9.96" 12.97 5.41"
CL-Bill —6.05 —54 —2.2 —3.74 —1.43
CL-Company —4.95 —2.50 1.84* 5.13* 2.12*
ConflictQA-Counter  14.97*  16.67* 15.94* 16.18" 12.46™
ConflictQA-Param 0.54 3.19* 2.63" 4.89* 0.12
Borderlines 0.73 1.48 0.96 —6.08 —12.78
Politifact 1.04 0.09 —0.84 —5.15 —2.49
ScienceFeedback 4.43 4.97" 3.74 2.99 2.02
Qwen MF2 —2.51 —2.07 —4.85 —12.05 —5.81
CL-Bill 0.28 —2.16 1.78 —2.17 —4.86
CL-Company —0.34 —0.26 —1.67 —3.87 —5.16
ConflictQA-Counter 6.97 8.51* 6.47 —0.49 —-0.79
ConflictQA-Param —4.11 —1.49 —7.53 —7.94 —9.11
Borderlines —4.63 —2.35 —3.98 1.54 —3.44
Politifact —4.80 1.15 0.14 1.34 0.41
ScienceFeedback —1.42 2.58" 1.62 4.65* 0.62
SmolLM  MF2 —8.54 —6.47 —1.85 —1.54 —0.65
CL-Bill —1.61 —1.46 —1.30 0.10 —0.78
CL-Company —6.55 —5.65 —1.70 —2.44 —2.45
ConflictQA-Counter 2.29* 2.06 217" 4.94* 2.04*
ConflictQA-Param —3.07 —2.64 —2.13 1.73 —1.83

Table 3: Random VS relevant context. Each value is
the mean difference in # between relevant and random
context(s) in the final LLM layer. Char, Word, Salad,
Wiki and Shuffle represent various random contexts. *
marks stat. significance of p < 0.05 with the Wilcoxon
signed-rank test, meaning that relevant context induces
more directional change than random context.

5.3 Relevant versus Random Context

Motivated by prior work showing that adding un-
related context dramatically reduces model perfor-
mance (Shi et al., 2023; Yoran et al., 2024), we
compare the effect of adding relevant versus ran-
dom context to study if relevant context produces
different geometric changes than random context,
we experiment with five different contexts vary-
ing in degree of randomness: (1) context of “ran-
dom characters”, such that words have no linguis-
tic meaning; (2) context of “random words”, ran-
domly sampled from the NLTK english corpus and
ordered randomly, such that the sentence has no
meaning; (3) context of “random salad”, where the
sentence is grammatical but incoherent (e.g. color-
less green ideas sleep furiously); (4) “random wiki”
context, where paragraphs are randomly sampled
from wikipedia; and (5) “random shuffle” context,
where we shuffle the contexts from the same dataset
such the statement and contexts do not match. Ex-
cept for (5), in (1)-(4) we control for the length of
contexts so that the random context has the same
number of words as the original context for that
statement. See Appendix A.3 for examples details
on the length distribution.

Tables 3 and 4 show the effect of random con-
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Figure 4: Layer wise plot of average relative magnitudes across different models and datasets indicating the increase
in the magnitude of truth vector when context is added. Early layers show variability, followed by a peak in the
middle layers. The values decrease and stabilize towards the final layers.

Model Dataset Char  Word  Salad Wiki  Shuffle
Borderlines 0.22* 0.26* 0.24* —0.08 —-0.19
Politifact 0.10* 0.11* 0.00 0.01 —0.03
ScienceFeedback 0.13* 0.16* 0.19* 0.14* 0.00
MF2 0.12* 0.10* 0.05* —0.18 —0.05
LLaMA CL-Bill 0.07* 0.05* —0.11 —0.01 0.00
CL-Company 0.07* —0.05 0.04* 0.01 0.04*
ConflictQA - Counter  0.39*  0.40* 0.42* 0.20* 0.21*
ConflictQA - Param 0.60* 0.65* 0.63" 0.39" 0.38"
Borderlines 0.08* 0.17* 0.15* 0.09" —0.02
Politifact 0.08* 0.08* —0.03 0.00 0.01
ScienceFeedback 0.02* 0.06* —0.02 0.01 —0.01
Mistral MF2 -0.11 -0.05 -0.03 0.01* 0.01*
CL-Bill 0.01* 0.04* 0.07" 0.01* 0.00
CL-Company 0.04* 0.05* 0.06* —0.03 —0.01
ConflictQA - Counter  0.12*  0.22* 0.10* 0.06* —0.03
ConflictQA - Param 0.21* 0.25* 0.15° 0.09" 0.06"
Borderlines 0.07* 0.00 0.15* 0.19* 0.22"
Politifact 0.08* 0.01 0.04* 0.03* 0.10*
ScienceFeedback —-0.03 -0.08 -0.01 -0.02 0.04*
Qwen MF2 0.08* 0.03* 0.03* 0.05" 0.02*
CL-Bill 0.01* —-0.04 —0.01 0.00 0.01*
CL-Company 0.08* 0.01* —0.03 —0.01 0.01*
ConflictQA - Counter  0.14*  0.06* 0.09* 0.06* 0.09*
ConflictQA - Param 0.20* 0.13* 0.16* 0.14 0.14*
Borderlines 0.15* 0.20* 0.22* 0.09* 0.10"
Politifact 0.18* 0.20* 0.23* 0.11* 0.14*
ScienceFeedback 0.11* 0.14* 0.20* 0.14* 0.08"
SmolLM MF2 ) 0.17* 0.17* 0.10 0.05" 0.03*
CL-Bill 0.05* 0.04* 0.04* 0.02" 0.02*
CL-Company 0.02* —0.01 0.03* 0.06* 0.01*
ConflictQA - Counter  0.35* 0.34* 0.37* 0.25* 0.23*
ConflictQA - Param 0.27*  0.25* 0.26 0.13 0.15*

Table 4: Random VS relevant context. Each value is the
mean difference in relative magnitude between relevant
and random context(s) in the final LLM layer. * marks
stat. significance of p < 0.05 with the Wilcoxon signed-
rank test, meaning that the true and false representations
are more separated for relevant than random context.
The remaining notation is as in Table 3.

text upon 6 and relative magnitude. Specifically,
we show the difference in § and relative magnitude
between the original relevant context and “random
contexts”. We use the final layer of the model
for comparison, since this is the closest layer re-
sponsible for text generation. We also show the
Bonferroni corrected differences in Appendix A.6.
We describe our findings next.

Larger Models show directional sensitivity:
Each value in Table 3 is the difference between
6 with the relevant context and 6 with a random

context from the final LLM layer. A significant
difference means that relevant context causes a
greater directional shift in the residual stream than
random context. We see that for larger models,
LLaMA and Mistral, relevant context generally in-
duces a significantly higher # compared to random
contexts, specifically for Borderlines, Politifact,
ScienceFeedback, MF2 and ConflictQA-Counter.
The primary exceptions are the Corporate Lobby-
ing datasets from LegalBench, where random con-
texts sometimes result in a higher §. However, for
smaller models, we generally observe that § values
are smaller for relevant context when compared to
random contexts, with the exception of ConflictQA-
Counter dataset, where the contexts are designed to
contradict the parametric knowledge of the model.
We discuss this in Section 5.4.

Smaller Models show magnitudinal sensitiv-
ity: Each value in Table 4 is the difference in rela-
tive magnitude between relevant and random con-
text from the final LLM layer. A significant differ-
ence means that the true and false representations
are more separated for relevant context than ran-
dom context. We see that for smaller models (Qwen
and SmolLM) the relative magnitudes are signifi-
cantly higher for relevant context compared to non-
relevant context across most datasets, even though
the difference in @ is often negative or insignifi-
cant. This suggests that smaller models encode
contextual relevance through magnitude scaling
rather than directional changes. SmolLM shows
positive magnitudinal differences in almost all set-
tings, despite showing negative differences in 6.
Larger models, LLaMA and Mistral, also generally
show higher relative magnitudes for relevant con-
text, except for specific instances in the Corporate
Lobbying dataset.



Model Dataset Char Word Salad Wiki  Shuffle

Borderlines Both Both Mag Theta Theta
Politifact Both Both Theta Theta Theta
LLaMA ScienceFeedback Both Both Both Both Theta
MF2 Both Both Both Theta Theta
CL-Bill Mag Mag None None None
CL-Company Mag None Mag Mag Mag
ConflictQA - Counter Both Both Both Both Both
ConflictQA - Param Mag Mag Mag Mag Mag
Borderlines Both Mag Both Mag None
Politifact Both Both Theta Theta Theta
Mistral ScienceFeedback Mag Both Theta Theta Theta
MF2 Theta Theta Theta Both Both
CL-Bill Mag Mag Mag Mag None
CL-Company Mag Mag Both Theta Theta
ConflictQA - Counter Both Both Both Both Theta
ConflictQA - Param Mag Both Both Both Mag
Borderlines Mag None Mag Mag Mag
Politifact Mag None Mag Mag Mag
Qwen ScienceFeedback None Theta None None Mag
MF2 Mag Mag Mag Mag Mag
CL-Bill Mag None None None Mag
CL-Company Mag Mag None None Mag
ConflictQA - Counter Both Both Both Mag Mag
ConflictQA - Param Mag Mag Mag Mag Mag
Borderlines Mag Mag Mag Mag Mag
Politifact Mag Mag Mag Mag Mag
SmolLM  ScienceFeedback Mag Both Mag Both Mag
MF2 Mag Mag Mag Mag Mag
CL-Bill Mag Mag Mag Mag Mag
CL-Company Mag None Mag Mag Mag
ConflictQA - Counter Both Both Both Both Both
ConflictQA - Param Mag Mag Mag Mag Mag

Table 5: Comparison between random and relevant con-
text. ' Both means # and relative magnitude is signifi-

cantly greater for relevant than random context. Theta
(resp. Mag ) means that only 6 (resp. relative magni-
tude) is significantly greater for relevant context. None

means that neither 6 or relative magnitude is greater than
random context. The rest of notation is as in Table 3.

Lastly, Table 5 shows a joint overview of the
results from 6 and relative magnitude. Overall, we
see that either # or relative magnitude is signif-
icantly greater for relevant context than random
context. This means that, in general, meaningful
context tends to have a greater impact on the geom-
etry of the representations of truth statement.

Collectively, our results show that 6 and relative
magnitude capture aspects of how context changes
truth vectors. Across models, relevant context
produces significantly higher 8 (in larger models)
or higher relative magnitude (in smaller models)
compared to random context, indicating sensitivity
to context relevance. However, larger representa-
tional changes do not imply beneficial utilization.
ConflictQA-Counter yields the highest 8 values yet
has contradictory information processing, while
LegalBench shows minimal differences, suggest-
ing models struggle with complex legal text.

5.4 ConflictQA and LegalBench

We now discuss some idiosyncrasies of two partic-
ular datasets. One dataset shows consistent effects
across all models: ConflictQA-Counter. Both 6
and magnitude are significantly greater for rele-
vant context compared to random context across
LLaMA, Mistral, Qwen, and SmolLM (Table 5
shows “Both” for most random context types). This
dataset contains contexts that explicitly contradict
the model’s parametric knowledge, suggesting that
counter-memory information produces a particu-
larly strong directional and magnitudinal signal.
We also observe that ConflictQA-Parametric has
much lower, and often negative directional shift,
even for larger models (Table 3). This could be a re-
sult of the confirmation bias towards parametrically
aligned context (Xie et al., 2024).

LegalBench Corporate Lobbying datasets often
fail to show significant differences between rele-
vant and random context, particularly for §. These
datasets have notably low Flesch readability scores
(6.9 and 10.7 compared to 40-57 for other datasets
from Table 1), indicating highly technical legal
language. This suggests that when context is suf-
ficiently complex or domain-specific, models may
struggle to extract a meaningful signal that distin-
guishes it from random text.

6 Conclusion

We investigate how context shapes truth represen-
tations in large language models by analyzing di-
rectional changes (#) and separation (relative mag-
nitude) between true and false statements across
layers. To the best of our knowledge, this is the first
work to analyze how truth vectors change when
context is added. First, we observe a three-phase
pattern: truth vectors are orthogonal in the early
layers, converge in the middle layers and depending
on the context, may stabilize or continue increasing
in the later layers. Second, adding context gener-
ally increases the separation between true and false
representations. Third, we observe that relevant
context produces larger changes than random con-
text in most cases. Our work provides a useful lens
for understanding how models process context to
shape the truth vectors.

7 Limitations

Our study has several limitations. First, we ex-
tract truth representations from only the first to-
ken position, though relevant information may be



distributed across multiple tokens. Second, our
comparisons between relevant and random context
rely on the final layer only. Third, the Conflic-
tQA dataset was constructed to evaluate parametric
knowledge models for comparatively larger models.
Models in our study may lack this knowledge or
may have encountered the dataset during pretrain-
ing. Fourth, our analysis is correlational rather than
causal, and we leave interventional experiments for
future work. Finally, we evaluate on a limited set
of English-language datasets; extending to other
languages and domains is a direction for future
work.

8 Ethical Consideration

This work is primarily aimed at understanding how
LLMs represent truth internally when context is
added. We do not foresee direct negative societal
impacts from this interpretability study. However,
understanding truth vectors could potentially be
dual-use. While it may help improve factuality
in LLLMs and detect misinformation, it could the-
oretically inform adversarial attacks that manipu-
late model outputs. All datasets used are publicly
available and do not contain personally identifiable
information.
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A Appendix

A.1 Description of Datasets

Druid was originally developed to check context
utilization of LLMs, it also acts as fact-checking
dataset, where each claim is paired with an evi-
dence paragraph as the context. We select three
subsets of Druid - 1) borderlines, which focuses on
geographical questions, 2) politifact, which focuses
on political fact-checking questions and 3) science
feedback, which focuses on scientific fact-checking
questions.

MF?2 is a movie dataset developed for visual
question answering. For a movie, the authors create
multiple claims and pair them with a synopsis of the
movie. We append the movie name to the claims
and pair it with synopsis as context.

ConflictQA was developed to demonstrate
knowledge conflicts in LLMs. We specifically use
the strategy QA dataset within ConflictQA gener-
ated using GPT-4, where we convert the questions
into claims to fit into a binary choice setting us-
ing Deepseek API. We use both counter memory
and parametric aligned evidence as context in our
experiments, giving us two sub-datasets.

Legalbench is a dataset designed to evaluate le-
gal reasoning capabilities of LLMs, and contains
162 tasks. We select the corporate lobbying task
for our experiments. The original task in corpo-
rate lobbying is to identify if a bill is relevant to a
company. It also provides a company description
along with bill details (bill title and summary). We
reframe the questions to claims providing either
one of company description or bill details to first
create a no-context prompt. We add the other as
context for creating prompts with context.
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A.2 Additional Relative Magnitudes

For a statement k, we calculate the change in sepa-
ration between true and false representations when
context is added to generate either true or false
completions, while generating the other comple-
tion without any context.

O _ 0 0]
k tc—fnc — a’k,True, c ak,False, nc ®)
) _ 0 0
Uk,tnc—fc = Ak True, nc — %k False, ¢ €)
2
) o Hvk’tc fncH
mk: tc—fnc 9 (10)
‘ |Uk nc‘ ‘
1) H ktnc ch2
mk,tnc—fc = 0) (11)
2
Hvk ncH

Equation 10 corresponds to
corresponds to 1n Figure 2

and Equation 11

0

rmp ;te—fne (12)

= ‘N|ZT k,tc—fnc

mW

rm D,tnc—fc (13)

‘ N | Z mk tnc—fc
where | Ny | represents the total number of state-
ments.

In general, we observe that the relative magni-
tudes averaged over all the statements are greater
than 1. Except for ConflictQA Counter dataset
with Qwen3-4B-Instruct, we find that at least one
of TC-FC, TC-FNC and TNC-FC have a relative
magnitude greater than 1. This suggests that con-
text generally increases the separation between true
and false points. For both TC-FNC and TNC-FC
we observe that all models except Qwen increases
the relative magnitudes of the truth vector across
all the datasets.

A.3 Comparison between Relevant and
Non-Relevant Context

Figure 6 shows an example of the randomly gener-
ated context for each random type. Random char-
acters context are created by randomly selecting
characters and joining them to create a word. Ran-
dom words context are created by randomly select-
ing words from all the english word present in the
NLTK corpus. Random salad context are created
by repeatedly selecting a predefined sentence struc-
ture made up of parts of speech (such as articles,
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Model Dataset TC-FNC TNC-FC
Borderlines 1.55* 1.61*
Politifact 1.48* 1.50*
ScienceFeedback 1.32% 1.27%
MF2 1.89* 1.87*

LLaMA o Bin 1.14* 1.19
CL-Company 1.68" 1.56"
ConflictQA-Counter 1.41% 1.33*
ConflictQA-Param 1.46* 1.49*
Borderlines 1.20* 1.39*
Politifact 1.15* 1.12%
ScienceFeedback 1.217 1.07"

. MF2 1.30* 1.29*

Mistral = o iy 1.21* 1.14*
CL-Company 1.32* 1.28"
ConflictQA-Counter 1.10* 1.10"
ConflictQA-Param 1.12* 1.13*
Borderlines 1.16" 1.06*
Politifact 1.00 1.00
ScienceFeedback 0.93 1.09"
MF2 1.04* 1.05*

Qwen ¢ Bl 0.92 0.93
CL-Company 0.98 1.00
ConflictQA-Counter 0.92 0.94
ConflictQA-Param 0.94 0.96
Borderlines 1.18* 1.57*
Politifact 1.39* 1.39"
ScienceFeedback 1.40* 1.37*
MF2 1.26* 1.26™

SmoltM - Ty 1.09% 1.05*
CL-Company 1.23* 1.10*
ConflictQA-Counter 1.31% 1.28%
ConflictQA-Param 1.19* 1.18”

Table 6: Relative magnitudes averaged over statements
from the final layer of model across datasets. TC-FNC
denotes the relative magnitude of the truth vector when
true representations have context and false represen-
tations do not have context (Equation 12). TNC-FC
denotes the relative magnitude of the truth vector when
true representations do not have context and false repre-
sentations have context (Equation 13). A value greater
than 1 indicates that the magnitude of truth vector has
increased compared to the truth vector when both true
and false representations do not have context. Asterisk
(*) indicates statistical significance of p < 0.05

nouns, verbs, adjectives, and adverbs), then filling
each position by randomly choosing a word from
the NLTK corpus. If no suitable words are avail-
able for a given part of speech, it falls back to the
placeholder word "word". Random wiki context
is created by crawling text from wikipedia. Figure
7 shows the distribution of word count for rele-
vant vs non-relevant context. As random shuffle
contexts are essentially the contexts from the same
dataset, they will have the exactly same distribution
as relevant context.
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Figure 5: Additional relative magnitudes across layers for different models.
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(a) Random Character

Overblaze perplexed pyraloid unveil

eastabout bruce saxhorn molidae immi encinal zymotize
milleporite thermopleion linley uncoil legislatorial beni quaitso terap

gastrocolic hanifite atropous novitiate unalike theomastix retransport unmissed poorly squail mullock.

shouldna infeft p

(b) Random Word

Reactions satisfied and diam pay. A larger people tell never. The strong rank wait now. It forgive a water. It
think the policy. The casework inexorably understood unfriendly cross. Choring pulled but sam see. The
ground also fulfill occasional burning. Him retreated the measures.

(c) Random Salad

In 1986, Brunei Shell acquired Gari and renamed her Bekulan. Throughout her career she routinely
traveled between Brunei and Japan carrying oil. On 7 April 2011, Bekulan was delivered to Jiangyin
Ship Recycling, China for scrapping.

(d) Random Wiki

Figure 6: Contexts across different degrees of random-
ness.

A.4 Probes

To extract truth representations, we train linear
probes to classify statements as true or false using
an 80-20 train-test split. We compare four probe
types: logistic regression, linear SVM, mass mean,
and MLP. The results are shown in Figure 8. Prob-
ing accuracy peaks in middle layers across all mod-
els and datasets, consistent with prior findings that
intermediate layers encode richer semantic informa-
tion. Logistic regression and linear SVM achieve
the highest accuracies, while MLP probes show
weaker performance. Mass-mean probes, which
compute the difference between mean true and
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false activations, also achieve reasonable accuracy.
Since both mass-mean probes and our metrics (6
and relative magnitude) are computed by averaging
over statement-level activations, these reasonable
accuracies validate our approach to extracting truth
vectors.

A.5 Correlation with Normalized Probability
Difference

Prior works have used the unembedding matrix to
interpret intermediate representations as implicit
token predictions (Nostalgebraist, 2020; Belrose
et al., 2023). We compute a normalized proba-
bility difference p by taking the ratio of P(True)
- P(False) with and without context across layers.
The results are shown in Appendix Figure 9. We
find that correlations between 6 and p are weak
across all models, suggesting directional changes
do not directly track output probabilities. Relative
magnitude shows stronger but inconsistent correla-
tions (0.6-0.8 in middle layers for some datasets),
capturing some relationship with output probability,
but the connection is not robust across contexts.

A.6 Bonferroni Corrections

When conducting multiple statistical tests simul-
taneously, the probability of obtaining false pos-
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Figure 7: Distribution of word counts for relevant vs non-relevant context across datasets
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Model Dataset Char Word Salad Wiki  Shuffle
Borderlines 2.84 6.87" 0.71 6.32*  5.32"
Politifact 11.81%  13.87* 11.92* 12.22* 13.47"
ScienceFeedback 2.55 4.79" 3.36 7.07* 3.97
MF2 1.13 1.71* 4.91* 7.12* 2.08
LLaMA ¢y gy 173 -005  -113 130 163
CL-Company -1043 -10.90 -3.93 -381 286
ConflictQA - Counter  22.38*  22.16* 18.18* 18.10* 13.01*
ConflictQA - Param 2.03 2.49 -7.51 -7.00 -10.29
Borderlines 3.09 —0.04 3.66 0.21 1.07
Politifact 18.05* 19.12* 20.97* 19.01* 18.53"
ScienceFeedback 1.49 4.58*  8.05*  4.69*  5.49"
Mistral MEF2 ) 7.61* 10:22* 9.96* 12.97* 5.41*
CL-Bill —6.05  -540 -220 374 143
CL-Company —4.95 —2.50 1.84 5.13* 2.12
ConflictQA - Counter  14.97* 16.67* 15.94* 16.18 12.46
ConflictQA - Param 0.54 3.19 2.63 4.89" 0.12
Borderlines 0.73 1.48 0.96 —6.08 -12.78
Politifact 1.04 0.09 -0.83  -515  -2.49
ScienceFeedback 443 4.97 3.74 2.99 2.02
Qwen MF2 —2.51 -2.07 —-4.85 -12.05 581
CL-Bill 0.28 —-2.16 1.78 -2.17 —4.86
CL-Company -034 -026 -167 -3.87 516
ConflictQA - Counter ~ 6.97*  8.51*  6.47°  —049  —0.79
ConflictQA - Param —4.11 —-1.49 -7.53 -7.94 -9.11
Borderlines -4.63 -235 -3.98 1.54 -3.44
Politifact —4.80 1.15 0.14 1.34 0.41
ScienceFeedback —1.42 2.58 1.62 4.65 0.62
SmolLM MF2 ) -854 647 -185 -154  —0.65
CL-Bill —-1.61 —1.46 -1.30 0.10 —-0.78
CL-Company —6.55  =5.65 —-1.70 -244  —245
ConflictQA - Counter ~ 2.29 2.06 2.17 4.94* 2.04
ConflictQA - Param -3.07  -264 213 1.73 -1.83

Table 7: Comparison between random and relevant con-
texts with Bonferroni correction (N=160). Notations
same as in Table 3.

Model Dataset Char Word Salad Wiki Shuffle
Borderlines 0.22* 0.26* 0.24* -0.08 -0.19
Politifact 0.10* 0.11* -0.00 0.01 —-0.03
ScienceFeedback 0.13* 0.16* 0.19* 0.14*  0.00
MF2 0.12* 0.10* 0.05* -0.18 —0.05
LLaMA - ¢ gy 0.07* 0.05° —011 —001 0.0
CL-Company 0.07* —-0.05 0.04* 0.01 0.04*
ConflictQA - Counter  0.39*  0.40* 0.42* 0.20* 0.21*
ConflictQA - Param 0.60* 0.65* 0.63* 0.39* 0.38"
Borderlines 0.08* 0.17* 0.15* 0.09* -0.02
Politifact 0.08* 0.08* —0.03 -0.00 0.01
ScienceFeedback 0.02* 0.06* -—0.02 001 —0.01
Mistral ME2 ) -0.11 -0.05 -0.03 0.01* 0.01*
CL-Bill 0.01* 0.04* 0.07* 0.01* 0.00
CL-Company 0.04* 0.05* 0.06 —0.03 —0.01
ConflictQA - Counter  0.12*  0.22* 0.10* 0.06* —0.03
ConflictQA - Param  0.21* 0.25* 0.15* 0.09* 0.06"
Borderlines 0.07* —-0.00 0.15* 0.19* 0.22*
Politifact 0.08* 0.01 0.04* 0.03* 0.10*
ScienceFeedback -0.03 -0.08 -0.01 -—0.02 0.04*
Qwen MF2 } 0.08* 0.03* 0.03* 0.05* 0.02*
CL-Bill 0.01* -0.04 -0.01 0.00 0.01*
CL-Company 0.08* 0.01* -0.03 -0.01 0.01*
ConflictQA - Counter  0.14*  0.06* 0.09* 0.06* 0.09*
ConflictQA - Param  0.20* 0.13* 0.16* 0.14* 0.14*
Borderlines 0.15* 0.20* 0.22* 0.09* 0.10"
Politifact 0.18* 0.20* 0.23* 0.11* 0.14*
ScienceFeedback 0.11* 0.14* 0.20* 0.14* 0.08"
SmolLM MF2 i 0.17* 0.17* 0.10* 0.05* 0.03"
CL-Bill 0.05* 0.04* 0.04* 0.02* 0.02*
CL-Company 0.02* -0.01 0.03* 0.06* 0.01*
ConflictQA - Counter  0.35* 0.34* 0.37* 0.25* 0.23*
ConflictQA - Param  0.27* 0.25* 0.26* 0.13* 0.15*

Table 8: Comparison between random and relevant con-
texts with Bonferroni correction (N=160). Notations
same as in Table 4
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Model Dataset Char ‘Word Salad Wiki Shuffle
Borderlines Mag Both Mag Theta Theta
Politifact Both Both Theta Theta Theta
ScienceFeedback Mag Both Mag Both None
LLaMA - iy Mag  |Both  Both  Theta  None
CL-Bill Mag Mag None None None
CL-Company Mag None Mag None Mag
ConflictQA - Counter Both Both Both Both Both
ConflictQA - Param Mag Mag Mag Mag Mag
Borderlines Mag Mag Mag Mag None
Politifact Both Both Theta Theta Theta
ScienceFeedback None Both Theta Theta Theta
Mistral - ppp Theta  Theta  Theta  Theta  Theta
CL-Bill None Mag Mag None None
CL-Company Mag Mag Mag Theta None
ConflictQA - Counter Both Both Both Both Theta
ConflictQA - Param Mag Mag Mag Both Mag
Borderlines Mag None Mag Mag Mag
Politifact Mag None Mag None Mag
ScienceFeedback None None None None None
Qwen MF2 Mag Mag Mag Mag Mag
CL-Bill Mag None None None None
CL-Company Mag None None None None
ConflictQA - Counter Both Both Both Mag Mag
ConflictQA - Param Mag Mag Mag Mag Mag
Borderlines Mag Mag Mag Mag Mag
Politifact Mag Mag Mag Mag Mag
ScienceFeedback Mag Mag Mag Mag Mag
SmolLM
MF2 Mag Mag Mag Mag Mag
CL-Bill Mag Mag Mag None Mag
CL-Company Mag None Mag Mag None
ConflictQA - Counter Mag Mag Mag Both Mag
ConflictQA - Param Mag Mag Mag Mag Mag

Table 9: Comparison between random and relevant con-
text with Bonferroni correction (N=320). Notation same
as in Table 5

itives increases. For instance, at a significance
level of o = 0.05, performing 100 independent
tests would yield approximately 5 false positives
by chance. Bonferroni correction addresses this
by adjusting the significance threshold: dividing «
by the number of tests performed, thereby control-
ling the family-wise error rate. Tables 7, 8, and 9
present the results for comparing 6, relative magni-
tudes, and their combined effect, respectively, with
Bonferroni correction applied. For Tables 7 and
8, we apply correction with N=160 tests (4 mod-
els x 8 subsets x 5 random conditions), yielding
a corrected significance threshold of acorrected =
0.05/160 = 0.0003125. For Table 9, we apply cor-
rection with N=320 tests (4 models x 8 subsets x
5 random conditions x 2 for ¢ and relative magni-
tudes), yielding acorrected = 0.05/320 = 0.00015625.
We note that Bonferroni correction is known to
be conservative, especially for large numbers of
tests. Despite this strict threshold, we observe that
most findings remain stable after correction, with
the exception of # comparisons for smaller models,
which show reduced significance.



A.7 Additional Theta and Relative Magnitude
Plots

For clarity, we plot € and relative magnitudes along
with standard error of the mean in Figures 10 and
11. For both quantities, error bars remain close to
the mean values across layers. However, the two
exhibit opposite patterns of variability: for 6, errors
are more spread out in early layers but consolidate
in later layers, whereas for relative magnitudes,
early layers show less variability and later layers
show more. This suggests that while the direction
of the truth vector stabilizes in later layers, the
separation between true and false representations
becomes more variable.

A.8 Instruction Following Percentage

For all four prompts (Figure 1b), we instruct
the LLM to continue generation, selecting only
statements where it follows instructions across all
prompts. Table 10 shows the instruction-following
percentage across models and datasets. We check
if the model starts the first token with “)" followed
by the instructed selected choice (“Yes” or “No”)
through string matching script. Additionally, we
manually check some of the outputs to ensure that
the generation follows the instruction.
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Model Dataset w/o context  with context
ConflictQA-Counter 72.83% 51.21%
ConflictQA-Parametric 68.89% 40.76%
CL-Bill 100.00% 100.00%
CL-Company 100.00% 100.00%

LLaMA B, derlines 76.62% 72.51%
Politifact 61.82% 50.17%
ScienceFeedback 95.30% 94.50%
MF2 89.44% 88.65%
ConflictQA-Counter 98.15% 92.36%
ConflictQA-Parametric 97.75% 80.95%
CL-Bill 98.40% 98.80%

Mistral CL-Company 97.60% 99.40%

i Borderlines 83.33% 83.20%
Politifact 84.09% 76.63%
ScienceFeedback 95.97% 94.98%
MF2 82.11% 75.46%
ConflictQA-Counter 88.99% 69.05%
ConflictQA-Parametric 81.11% 46.38%
CL-Bill 74.00% 81.60%

Qwen CL-Company 96.00% 88.40%
Borderlines 76.62% 71.49%
Politifact 87.27% 66.04%
ScienceFeedback 93.29% 53.88%
MF2 96.13% 94.30%
ConflictQA-Counter 91.96% 87.70%
ConflictQA-Parametric 94.77% 76.21%
CL-Bill 100.00% 100.00%
CL-Company 100.00% 100.00%

SmollM g derlines 97.40% 93.48%
Politifact 97.27% 90.74%
ScienceFeedback 81.88% 77.99%
MF2 99.48% 99.25%

Table 10: Instruction following percentage across mod-
els and datasets. "w/o context" denotes prompts without
any context, while "with context" denotes prompts with
context.



Figure 8: Accuracies of probes across layers

LLaMA-3.. - c with y Difference - C with y Difference

Figure 9: Correlation of 6 and relative magnitude with Normalized Probability Differences across different models
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Figure 10: Layer wise plot of average 6 in degrees across different models and datasets indicating the directional
change in truth vectors when context is added. The error bars denote the standard error of mean
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Figure 11: Layer wise plot of average relative magnitude across different models and datasets indicating the
directional change in truth vectors when context is added. The error bars denote the standard error of mean
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