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Alessandro Corona Mendozza* Anders Søgaard
University of Copenhagen

Abstract
We investigate belief-like representations in
decoder-only autoregressive LLMs using lin-
ear controlled probes on residual stream ac-
tivations and single attention heads. Follow-
ing Herrmann and Levinstein’s (2025) criteria
(Accuracy, Use, Coherence, and Uniformity),
we find that large models exhibit strong truth-
sensitivity (Accuracy), and steering activations
along probe directions reliably changes down-
stream behavior (Use). Coherence, measured
via calibrated probes and cross-dataset prob-
ing, is moderate across models, while training
on diverse data yields domain-consistent truth
directions (Uniformity). The results are partic-
ularly encouraging at the head level and align
with some standard philosophical accounts of
belief, e.g., minimal functionalism, supporting
the view that LLMs can maintain propositional
attitudes under such theoretical frameworks.

1 Introduction

Large Language Model (LLM) intermediate repre-
sentations have been shown to be truth-sensitive:
they seem to linearly encode different statements
according to their truth value (Burns et al., 2023).
This finding is noteworthy, because our human no-
tion of belief refers to the non-verbal attitude we
take “whenever we take something to be the case
or regard it as true” (Schwitzgebel, 2024). As a
result, interpretability researchers and philosophers
alike have begun to consider these representations a
serious candidate for the role of LLMs’ underlying
beliefs (Christiano et al., 2021; Chalmers, 2025).

Recently, Herrmann and Levinstein (2025) op-
erationalized a set of additional standards that rep-
resentations should satisfy to count as underlying
beliefs. In this study, we follow their lead by de-
veloping four different experiments on decoder-
only autoregressive transformers from six families
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– and consider how they fare against these stan-
dards through probing (Hewitt and Liang, 2019;
Belinkov, 2022), activation steering (Turner et al.,
2024), model confidence estimation (Shorinwa
et al., 2025), and cross-domain validation. We
investigate all layers and show results on two dif-
ferent degrees of granularity by testing the residual
stream and the single attention heads.

Our research questions are exploratory and can
be articulated as follows:

• (RQ1): To what extent do LLM internal repre-
sentations of truth exhibit separability, causal
involvement, implicit coherence, and cross-
domain robustness?

• (RQ2): Which architectural components
(residual stream vs. attention heads) serve
as the most effective substrate for activations
with respect to the criteria in RQ1?

• (RQ3): Under what conditions can these acti-
vations be interpreted as computational prox-
ies for belief-like states?

We find that our models (1) consistently surpass
baselines across all experiments, with larger and
instructed models outperforming smaller and base
models. Crucially, we find that (2) attention heads
tend to show activations which are particularly
well-separable, responsive to steering, and uniform
across domains. Whereas (Levinstein and Her-
rmann, 2025; Bürger et al., 2024) report a failure of
coherence, we observe moderate scores from linear
probes trained on rich datasets. While our results
are generally positive for the standards that we em-
ployed, we conclude by (3) clarifying the sense in
which intermediate representations should be in-
terpreted as proxies for beliefs: we argue that our
findings provide non-trivial support for the more
permissive functionalist theories of mental states
(Lewis, 1972). We close our discussion by claiming
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Figure 1: Standards for Belief Representations (Herrmann and Levinstein, 2025). To take the role of beliefs, inter-
mediate activations should be distinctly separable by a classifier (Accuracy), causally implied in logit computation
(Use), robust logically and probabilistically (Coherence), and uniform across different domains (Uniformity).

that, if we accept this liberal framework on cogni-
tion, activations that are truth-sensitive, minimally
coherent, and robustly drive logit-level truth assess-
ments can be seen as beliefs about the sequences
they process in LLMs.

2 Background

The claim that LLMs encode belief-like or
knowledge-like states originates in work on para-
metric information implicitly stored in model
weights. In this tradition, propositions “known”
or “believed” by a model are elicited via cloze-
style prompts (Petroni et al., 2019, 2020; De Cao
et al., 2021; Akyurek et al., 2022; Hase et al., 2023,
2024). On the other hand, representation-level stud-
ies show that LLM latent spaces encode structured
information about properties such as color (Abdou
et al., 2021), space and time (Gurnee and Tegmark,
2024), or game states (Li et al., 2023a; Nanda et al.,
2023) that closely mirror their real-world counter-
parts. This line of inference-time representational
interpretability (Zou et al., 2025) deploys a mix of
probing (Alain and Bengio, 2018; Belinkov, 2022),
activation interventions (Turner et al., 2024), latent
space and circuit analysis (Olah et al., 2020).

Several studies have investigated factual truth
representations in LLMs using these methods.
Burns et al. (2023) found that unsupervised probes
can reveal a task-agnostic latent dimension repre-
senting truth. Supervised approaches have used
shallow neural networks (Azaria and Mitchell,
2023) or linear classifiers such as logistic regres-
sion or mass-mean probes (Marks and Tegmark,
2024). While most work focuses on the residual

stream, Li et al. (2023b) showed that individual
attention heads can also track truth-related features.

Logical robustness remains a challenge. Levin-
stein and Herrmann (2025) showed that most
probes fail to generalize to negated statements, in-
dicating limited coherence. Bürger et al. (2024)
addressed this by adding a polarity direction to
their classifiers, providing evidence for a two-
dimensional subspace generalizing across logical
paraphrases. Building on this, Herrmann and Levin-
stein (2025) proposed formal standards for inter-
mediate truth-sensitive representations to count as
genuinely belief-like, informed by formal Bayesian
epistemology (Ramsey, 1931; Bovens and Hart-
mann, 2003) and decision theory (Jeffrey, 1965).
No study has yet applied their framework to assess
the belief-likeness of different LLMs.

Finally, ways of extracting meaningful probabil-
ity measures from LLMs’ intermediate represen-
tations have been partially inspected in epistemic
uncertainty quantification studies (Shorinwa et al.,
2025). We will follow common UQ methods in
LLMs by analyzing the self-reported answers from
the models (Krause et al., 2023; Tang et al., 2024)
and the post-logit probability distribution (Kada-
vath et al., 2022; Ling et al., 2024). Using proba-
bilities extracted from latent spaces for assessing
model uncertainty has not yet been explored.

3 Requirements for belief

We tested our set of models on the standards for
belief representations described by Herrmann and
Levinstein (2025). They identify four dimensions:
Accuracy, Use, Coherence and Uniformity. On this
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framework, LLM activations will be more or less
belief-like depending on their implicit score in each
of these dimensions.

• Accuracy measures how well intermediate
activations separate true from false inputs,
reflecting whether the model encodes truth-
sensitive representations. It is the basic re-
quirement for activations to be considered
belief-like and has been the main metric in
prior work (Azaria and Mitchell, 2023; Burns
et al., 2023). Higher probe classification suc-
cess indicates stronger model performance on
this dimension.

• A key aspect of beliefs is their functional role
in the production of behavior (Lewis, 1972;
Block, 1978), particularly in assertions (Zim-
merman, 2018). The desideratum of Use
stems from this theoretical backdrop and can
be tested through aimed intervention on the
activation space. Specifically, it is expected
that a model with a crisp truth direction will
change its logit distribution accordingly when
the intermediate activations are steered across
that direction.

• A minimal form of Coherence is often re-
quired for some mental representation to
count as a belief (Davidson, 1973; Jeffrey,
1965; Joyce, 1998). This means, for example,
that if an agent believes that p, they should
not believe that ¬p. A minimal coherence
requirement is whether activations for logi-
cal paraphrases fall in the same truth partition
and satisfy probabilistic coherence constraints
when decoded by probes.

• The truth direction should be as uniform as
possible across different domains. This Uni-
formity requirement is justified by the fact that
beliefs should hinge on a direction of general
truth, while domain-dependent directions of
truth would lead to representations that are
harder to track and diagnose for safety rea-
sons.

We deploy four experiments for testing the desider-
ata.

4 Methods

Each experiment employs distinct methods, de-
tailed in its respective section, while sharing a com-
mon set of models, probes, and datasets.

4.1 Models

We focused on decoder-only autoregressive trans-
formers from 6 different families and across various
parameter counts: GPT-2 (Radford et al., 2019),
Llama-3.1-8B (Grattafiori et al., 2024), Gemma-
2-9B (Team, 2024), Yi-6B (0.1AI, 2025), Pythia-
6.9B (Biderman et al., 2023) and GPT-J-6B (Wang
and Komatsuzaki, 2021). When available, both
base and variants trained through instruction fine-
tuning (IFT) were included.

The study on Accuracy was performed on all
models. For Use, Coherence, and Uniformity, we
focused on the best models (Top-3 probing accu-
racy on residual > 80%) since we did not expect
meaningful effects for activations with low truth-
sensitivity. The restricted set counts the models
from the Llama and Gemma families, as well as
GPT-J-6B, often listed as the competitive baseline.
All layers and heads were analyzed in the first two
experiments, but for Coherence and Uniformity
we only used the best-performing layer/head to ex-
tract probabilities and accuracy, assuming the most
separable activations yield the strongest results.

4.2 Probes

We probed the models’ activations through linear
classifiers to find directions that can also be used for
steering. For the Accuracy and Uniformity exper-
iments, we focused on logistic regression probes;
for the Use experiment, we shifted to raw mass-
mean probes, as they have been shown to be more
effective for steering (Li et al., 2023b). During the
Coherence experiment, both classifiers were cali-
brated through isotonic regression and compared
as pseudoprobability estimators.

4.3 Datasets

Following Marks and Tegmark (2024), we use their
True/False dataset of factual, non-misleading state-
ments across multiple domains, restricting the num-
ber of statements per domain for balance. For the
Coherence experiment, we extended this dataset
with negations, conjunctions, and disjunctions de-
rived from the original statements. We split and val-
idate the dataset according to experiment require-
ments and stratifying domains and labels across
folds, except for leave-one-group-out settings in
Coherence and Uniformity experiments; full de-
tails and examples can be found in appendix A.3.
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Figure 3: Probe accuracy ± std on the residual streams,
averaged over 5 folds. Truth-sensitivity emerges in the
middle layers (10-20) in all cases; GPT-J, as well as
Llama and Gemma models, are the only LLMs that
show high probe accuracy. Control probes (shown in
faint lines) remain at chance level on all layers.

5 Experiments

5.1 Accuracy

We report probing results for all models using lin-
ear classifiers, reporting absolute accuracy rather
than selectivity (Hewitt and Liang, 2019), since
probes perform at chance on control tasks. We
probe the final tokens and analyze each layer using
two activations: (i) the post-MLP residual stream,
capturing coarse-grained patterns (Figure 3), and
(ii) attention heads, capturing more localized struc-
ture (Figure 2, Appendix A.4).

Smaller and task-specific models show low av-
erage accuracy overall (Top-3 residual probe accu-

racy: GPT-2-Large 0.567; Yi 0.630; Pythia 0.721),
whereas the largest models exhibit stable truth-
sensitive encodings from mid to pre-unembedding
layers (Llama 0.889; Gemma 0.920). Similar
trends appear at the head level, with average probe
accuracy reaching 0.931 on Gemma Instruct.

Attention heads exhibit more localized behavior
than the residual stream: in base models, truth-
sensitive heads emerge in middle layers and fade
later, a pattern absent in IFT models. This sug-
gests IFT promotes finer-grained truth tracking in
later layers (Figure 2). Head-level representations
are comparably sensitive to residuals, indicating
that the dimensionality of head subspaces is ade-
quate for capturing the level of abstraction of truth
features.

While prior work shows that single-domain
datasets encode truth and falsity in the principal
components of the residual stream (Marks and
Tegmark, 2024), we do not observe the same ef-
fect in a cross-domain setting. However, a subset
of highly truth-sensitive heads (Figure 4, Table 1)
can encode generalized truth along their principal
components, suggesting a structural specialization
for the feature.

5.2 Use

In this experiment, we intervene on the models’
latent spaces by steering the most truth-sensitive
activations found in the Accuracy experiment.

Methods We steer activations along mass-mean
class difference directions θact = µ+act − µ−act,
where µ+act and µ−act are the means for the true and

Figure 2: Probe accuracy on pre-output heads, sorted, averaged over 5 folds. Average std: .01 (Llama); .00 (Llama
Instruct). Layer behavior is consistent with probe accuracy on residual (Figure 3). However, sweeping probes on the
heads reveals higher locality of the truth feature and different patterns in IFT models, where more heads contribute
to representation in higher-level layers.
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Figure 4: Projections of the residual stream on directions extracted from two orthogonal probes (Roger, 2023) (left);
PCA for notably truth-sensitive heads (bottom-right) and their corresponding residual streams (upper-right). Results
collected from Gemma Instruct.

Accuracy Residual Heads
> 0.80 - 2

0.75-0.80 - 5
0.60-0.75 - 44
0.55-0.60 3 83

< 0.55 39 538

Table 1: Subset of Gemma Instruct activations most
predictive of truth under linear probe tested on PC pro-
jections; while attention heads are highly localized, the
probe fails to track truth in residual projections.

false classes for a given activation space. Our ob-
jective is to elicit incorrect truth value answers
from the model. Single-layer or single-head in-
terventions are often insufficient, so following Li
et al. (2023b), we apply two hyperparameters de-
termined through grid search: K, the number of
the top-K most truth-sensitive activations collected
from the first experiment, and α, the intervention
strength. Because a head’s contribution can reverse
through the attention output, we determine its effect
on the residual stream and apply steering with the
appropriate sign; see Figure 5 for intervention ef-
fects across a parameter sweep. Our residual-level
intervention is defined as such:

r(ℓ)
′
= r(ℓ) + α θℓ · 1[ℓ∈Top-K] (1)

Where ℓ = 1, . . . , L denotes the residual extracted
from the respective layer, Top-K = {ℓ1, ..., ℓK} de-
notes the K residuals with highest truth-sensitivity
across the entire model, and 1[·] is the indicator
function.

Similarly, we define head-level interventions:

h(ℓ,i)′ = h(ℓ,i) + α̃ θ(ℓ,i) · 1[(ℓ,i)∈Top-K] (2)

Where (ℓ, i) denotes head i at layer ℓ, with
ℓ = 1, . . . , L and i = 1, . . . ,H , Top-K =
{(ℓ1, i1), ..., (ℓK , iK)} denotes the K heads with
highest truth-sensitivity, and α̃ is the signed steer-
ing scalar. We use zero-shot prompts (see Ap-
pendix A.1) and report results for both steering
directions (false → true and true → false), apply-
ing negative α and α̃ for the latter.

Metrics We define our metrics as the absolute
effect of intervention E and the direction-specific
effect E

→
compared against a random direction sam-

pled from a standard normal distribution applied to
the same activations:

E =
(
P×

post − P✓
post

)
−
(
P×

pre − P✓
pre

)

E
→

=
E/S

Erand/Srand

(3)

Where P× and P✓ are the probabilities of the in-
correct and correct truth values, collected from pre
(Ppre) and post-intervention (Ppost) models. Both
E and Erand were clipped at a minimum of .05
to ensure numerical stability. For the direction-
specific effect, we compute the strength of inter-
vention S, defined as:

S =

√
|α|K Dact

Dmodel
(4)

Here Dact is the dimension of the intervened acti-
vation and Dmodel is the dimension of the residual
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Model False → True True → False
|α| K S E E

→
|α| K S E E

→
Llama Residual 9 1 3.00 0.21 3.02±1.98 6 1 2.44 0.05 1.00

Heads 3 40 1.94 0.29 3.90±1.79 9 1 0.53 0.06 0.90±0.39
Llama_it Residual 3 7 4.58 1.23 10.41±4.27 5 2 3.16 0.90 32.50±22.15

Heads 2 20 1.12 1.23 6.31±1.31 3 10 0.96 1.23 20.51±16.07
Gemma Residual 31 7 14.73 0.12 2.45 33 22 26.94 0.35 6.57±0.79

Heads 12 15 3.58 0.29 5.67±0.17 10 60 6.54 0.31 6.25±0.01
Gemma_it Residual 30 16 21.90 0.54 9.81±2.03 30 26 27.92 1.07±0.10 19.94±2.96

Heads 10 65 6.81 0.87 12.91±5.44 14 25 5.00 1.48 26.84±5.43
GPT-J Residual 15 4 7.74 0.05 1.00 30 15 21.21 0.20 2.52±1.26

Heads 2 5 0.79 0.05 1.00 10 50 5.59 0.09 1.38±0.47

Table 2: Full steering results, averaged across 5 seeds. Llama and Gemma models are generally successful, with
differences between steering setups. Steering interventions on attention heads produce stronger and cheaper effects
on truth-value computations than residual stream interventions, suggesting a more direct causal role. Variance in E

→
reflects variability in the random baseline rather than effect instability.

stream. Intuitively, E captures raw impact on out-
put probabilities and E

→
quantifies how effective a

direction-specific intervention is relative to random
steering, adjusted for the strength of intervention.

This is an important distinction: an interven-
tion showing high E and low E

→
points to an effect

which is significant, but not exclusive to the mass-
mean direction; an intervention showing lowE and
high E

→
denotes a specificity effect which is scaled

by very small effects on the baseline.

Results We report the full results on Table 2, col-
lected by selecting K/α pairs in order to maximize
E/S. We also sweep baseline hyperparameters; if
no meaningful effect is observed, we keep hyper-
parameters from the clean-runs search, otherwise
we select the best-performing configuration from
the search. GPT-J-6B is generally unresponsive
to steering and will serve as our competitive base-
line for the experiment. Interventions on models
from the Llama and Gemma families are generally
successful. We have three additional takeaways:

1. The results are influenced by model output
bias. This is clearly visible in two cases: (1)
when we compare the strength of the inter-
vention to the effect exhibited in the Llama
and Gemma family, and (2) when we compare
the steering directions within models, which
exhibit a ‘True/False’-response bias.

2. Consistent with previous observations, IFT
models show greater absolute steering sensi-
tivity than base models (avg. E ratio: 6.35).
Gemma models also exhibit higher sensitivity
than Llama models (avg. E

→
ratio: 1.15).

3. Attention heads are consistently more steer-
able than the residual stream, producing larger
effects at lower strength (avg. E ratio: 1.28).
In Llama Instruct models, random head pertur-
bations can also be effective, yielding lower
and less stable direction-specific scores.

Figure 5: Steering grid search on Gemma. While the
effect is clear on the mass-mean direction, there is no
effect on a random direction (grid on the bottom-right).
The mass-mean direction is causally implied in down-
stream computation, satisfying Use. The set of hyper-
parameters swept is model-dependent, to account for
model family bias (see also Appendix A.4).

5.3 Coherence
We assess agreement between intermediate repre-
sentations both absolutely and probabilistically. In
the first case, by testing probes on datasets contain-
ing logical paraphrases differing from the training
set. For the probabilistic experiment, we develop
metrics and estimators to extract the probabilities
from the latent space. We focused again on the best
models selected during the Accuracy experiments.
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Figure 6: Probe accuracy ± std on logically diverse
datasets with corresponding training sets, Gemma In-
struct, layer 25, head 8, averaged over 5 seeds. When
trained on all datasets, the probe is able to classify
datasets across logical paraphrases, with a moderate
drop in accuracy for ‘Common Claims’ paraphrases.

Metrics We evaluate probabilistic coherence us-
ing tests from different logical paraphrases, follow-
ing synchronic norms of rationality from Bayesian
epistemology (Lin, 2024). Using negation, a ra-
tional agent must satisfy finite additivity and the
complement rule:

P̂ (ϕ ∪ ¬ϕ) = P̂ (ϕ) + P̂ (¬ϕ) ≈ 1 (5)

Where P̂ (ϕ) is the model’s subjective probability
for statement ϕ. Conjunction and disjunction have
to follow monotonicity:

P̂ (ϕ ∩ ψ) ≤ P̂ (ϕ) ≤ P̂ (ϕ ∪ ψ) (6)

Since (ϕ ∩ ψ) ⊆ ϕ ⊆ (ϕ ∪ ψ). Subjective proba-
bilities should respect this ordering. To measure
how closely the model outputs approximate ideal-
agent norms, we compute an inverse-MSE score
for negation and an accuracy score for conjunction
and disjunction. Full details on the metrics appear
in Appendix A.2.

Methods We extract subjective probabilities
from the latent space to test the model’s coherence.
Both logistic and mass-mean probes are calibrated
using isotonic regression on the post-sigmoid out-
puts, after which we read out the pseudoprobabili-
ties (Zadrozny and Elkan, 2002). Intuitively, activa-
tions that project further along the latent truth direc-
tion should represent higher estimated probabilities
that a given statement is true. For comparison, we
use two alternative estimators: (1) self-reported as-
sessments produced via few-shot prompting, and

Figure 7: Probabilistic coherence scores ± std, Llama,
residual, layer 13, averaged over 5 seeds. Calibrated
linear classifiers show better results than logits and self-
reporting on conjunction and disjunction. Calibrated
logistic regression shows the best coherence on nega-
tion, accounting for the baseline. On an aggregate level,
probes perform better than the other methods.

(2) probabilities for the model’s True and False to-
kens obtained from inference. See Appendix A.1
for more details.

Results In the logic task (Figure 6), we observe
moderate overall coherence on paraphrases, with
the negated representations in the diverse ‘Com-
mon Claims’ set yielding the lowest results from
linear probes. This is also true for probes trained on
datasets aggregating multiple logical paraphrases
(Average accuracy on negated common claims:
Llama, 0.51; Llama Instruct, 0.59; Gemma, 0.56;
Gemma Instruct, 0.67; GPT-J, 0.44). Except for
this set, probes can generalize well when trained on
datasets that include logical paraphrases (cf. full
figures in Appendix A.4).

In the probabilistic experiment (Figure 7), lo-
gistic regression probes tend to retrieve subjec-
tive probabilities that are stably coherent across
three tasks and broadly surpass baselines. Addi-
tionally, in several configurations, we report proba-
bilities that are more coherent than the models’ self-
reported assessments and extracted logits (Llama:
all tasks; Llama Instruct: conjunction; Gemma:
negation; Gemma Instruct: negation and conjunc-
tion: see also Appendix A.4 for aggregate results).

While results on probabilistic coherence are
promising, the logic task suggests that generalized
negation may be too strong a confounder for linear
probes trained on representations extracted from
smaller base models. This supports the hypothesis
that in models of this size, linear truth directions
are dependent on the logical operators seen in the
prompt (see also Bürger et al.’s (2024) work for
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a non-linear probe showing reliable truth-tracking
for logical paraphrases).

5.4 Uniformity
We assess probe generalization capabilities by test-
ing cross-domain uniformity on the best models
selected during the Accuracy experiment. Probes
are trained on (i) generic statements from ‘Com-
mon Claims’, (ii) single-domain statements (e.g.,
‘Cities’, ‘Companies’), and (iii) both; each of them
is tested on one of the domains of the True/False
dataset. Following the Coherence experiment, we
exclude the datasets including logical paraphrases,
to avoid results confounded by failures across nega-
tion. We focus again on the best layer/head found
in each model. Example train-test matrices are
shown in Figure 8, with full results in Appendix
A.4.

Uniformity results are strong, both at the head
and the residual level, especially with large multi-
domain training sets (average/worst test accura-
cies: Llama 0.87/0.74; Llama Instruct 0.87/0.72;
Gemma 0.88/0.68; Gemma Instruct 0.90/0.74).
Probes trained on the naturally multi-domain
‘common-claims’ dataset partially generalize to un-
seen domains, particularly in IFT models (aver-
age/worst test accuracies: Llama 0.64/0.57; Llama
Instruct 0.75/0.58; Gemma 0.75/0.66; Gemma In-
struct 0.77/0.50). Rich, diverse datasets, thus, en-
able probes to converge on directions that robustly
track truth across domains.

6 Discussion

6.1 Takeaways
Figure 9 shows a summary of the models’ scores.
We have three main empirical takeaways to report.

1. We observed generally strong evidence of
truth-tracking across all experiments, with
three model families (Gpt-J, Llama, Gemma)
exhibiting clear signals under our standards.
Nonetheless, the moderate results on logi-
cal coherence suggest that more expressive
probes may be needed to reliably track truth
across negation in complex domains. Truth-
sensitivity emerges at middle layers, and IFT
tends to expose it further in later layers.

2. The most important factors that covary with
crisp truth-tracking representations seem to be
model size and the use of IFT, which appears
to enhance the quality of the representations.

Figure 8: Uniformity results on residual for Llama layer
13 and Llama Instruct, layer 15, averaged over 10 seeds.
Std > .05 reported for unstable train/test pairs. IFT
models show more uniform activations across domains.
Training on diverse sets leads to uniformity - an effect
that is also present at the head level (see Appendix A.4).

This was especially evident in the experiments
on Use and Uniformity, where IFT models
showed higher sensitivity and cross-domain
consistency than their base versions.

3. Attention heads seem to be the best locus
for model beliefs: they show strong truth-
sensitivity (even on PCs), exert causal influ-
ence on outputs, and exhibit coherence compa-
rable to the residual stream. Unlike the higher-
dimensional residual stream, where features
are more superposed and fragile under inter-
vention, attention heads provide a more inter-
pretable substrate for truth representation.

6.2 The sense in which models believe

Our tests are grounded in formal epistemology,
which models beliefs as abstract entities to capture
cognitive behavior (Weisberg, 2021). Although
this abstraction supports measurable standards, we
conclude by clarifying to what extent these repre-
sentations may count as genuine instances of AI
cognition (cf. Goldstein and Levinstein, 2024).
Beliefs are ubiquitous in our common-sense psy-
chology (Hutto and Ravenscroft, 2021), but there
is no unified mechanistic story about what consti-
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Figure 9: General scores for models in the restricted set. See Appendix A.2 for formal score definitions. The head
level is comparable to the residual stream and sometimes can carry crisper and more causal-effective representations.

tutes these mental states – and some philosophers
have even questioned whether such things exist in
biological agents (Churchland, 1981; Stich, 1983).

Standard accounts of belief in philosophy and
cognitive science can be broadly divided into de-
flationary and more realist views. On deflationary
accounts, beliefs are fictions or abstract patterns
invoked to interpret behavior, rather than genuine
mental states (Dennett, 1971, 1981; Toon, 2023).
On this view, attributing beliefs to LLMs is trivially
licensed by their linguistic behavior, and mechanis-
tic analysis adds no further justification (cf. Cappe-
len and Dever, forthcoming-a; forthcoming-b). Re-
alist accounts, by contrast, treat beliefs as precise
mental states with properties such as composition-
ality, biological realization, phenomenal character,
or semantic content (Fodor, 1975; Searle, 1990;
Schwitzgebel, 2002; Poth and Schuster, 2026). Our
tests offer no evidence that LLMs process belief-
like states in this substantive sense.

One brand of realism understands beliefs in func-
tionalist terms, on which mental states are individ-
uated by the roles they play within a system (Arm-
strong, 1968; Block, 1978). This is an influential
approach that, most importantly, allows for multi-
ple realizability: the possibility that cognitive enti-
ties can be instantiated by distinct physical systems.
What counts as the relevant functional role varies
across functionalist theories. For example, Mil-
likan (1984) asks for a function to be biologically
grounded in the system’s evolutionary history, and
Bratman (1987) characterizes beliefs with respect
to their connection with other mental states such

as desires or intentions. However, our tests target a
shared core of functionalism (Schwitzgebel, 2024)
by examining whether LLM activations can real-
ize central and broadly uncontroversial belief-roles.
These roles map to our experiments: tracking truth
(Accuracy), supporting assertion (Use), and prop-
erly integrating with other beliefs (Coherence). For
proponents of a minimal version of functionalism,
our results are directly philosophically relevant.

Conclusion

We evaluated intermediate representations in
decoder-only LLMs against standards of belief-
likeness: Accuracy, Use, Coherence, and Unifor-
mity. Across six model families, larger models,
especially when instructed, develop latent repre-
sentations that are truth-sensitive across domains,
causally impactful on outputs, and moderately co-
herent. We found that attention heads provide a
particularly effective substrate for truth-tracking.

Our observations are relevant for AI safety,
model editing, and uncertainty quantification: lo-
calizing truth-related features in specific heads of-
fers a target for diagnosing factual inconsistency,
pre-decoding hallucinations, and may enable local
interventions in weight-editing approaches. More-
over, if probe-based pseudoprobabilities prove
more coherent than their competitors, future re-
search may explore the best way to characterize a
model’s ‘credences’ from their internal states.

Ultimately, our results suggest that, for the more
liberal functionalists, LLMs can encode representa-
tions that are non-trivially belief-like.
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Limitations

Our study has various limitations.

• Our work focused on a limited pool of models,
spanning parameter sizes up to approximately
9 billion. While this is justified by the size
and design of our experiments, we note that
previous studies analyzed models up to ap-
proximately 70 billion parameters (Marks and
Tegmark, 2024).

• Coherence results have been shown to be im-
provable by non-linear probes trained on truth
and polarity (Bürger et al., 2024). We did not
compare our results with non-linear probes,
leaving this possibility for further research.

• The True/False dataset that we employed is
diverse, but lacks cross-lingual statements ex-
cept for Spanish and is intentionally simple.
The results may generalize in different ways
according to model size for more complex and
diverse datasets.

• Our experiments face the standard limitations
for probing. Most importantly, since the
True/False dataset is underdetermined with
respect to the feature it tracks, we cannot be
sure that the represented feature is truth or
a feature that heavily correlates with truth
(as pointed out by Levinstein and Herrmann,
2025). This study, however, is not limited
to reporting probe-derived correlations due to
our steering experiment, which verifies coun-
terfactual robustness for the directions.

• The experiments only show that LLMs instan-
tiate beliefs in a minimal functionalist sense,
but not in a more substantive, ‘Searlean’ sense
(§6.2). Furthermore, LLMs trivially have be-
liefs in the deflationary sense. The results,
then, are of philosophical interest for a spe-
cific, albeit popular (Bourget and Chalmers,
2023) view on mental states.

Ethical Considerations

Two main ethical considerations arise from our
study.

• Our results are directly relevant to AI safety.
Since vector steering can significantly alter
the behavior of a language model, findings
using this methodology - especially on tasks

related to factual truth - can be exploited for
malicious intent, such as pushing chatbots to
lie or, more generally, polluting the model’s
answers. On the other hand, advancements
in inference-time lie detection supported by
our experiments can have positive impacts for
alignment.

• While our findings are philosophically rele-
vant, it is important to note that the idea that
models may have belief-like representations
is strongly related to claims about richer cog-
nitive states or consciousness and sentience.
These claims can contribute to spread serious
problems related to undue anthropomorphiza-
tion; see (Deroy, 2023) for a thorough argu-
ment and (Corona Mendozza, 2025) specif-
ically for beliefs. To avoid that, we remark
that such interpretations should be made cau-
tiously, and our results should not be taken
as evidence of a substantive mental life in the
models.
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A Appendices

A.1 Prompting strategies
We used several contexts across the experiments
for our statements STMT.

A.1.1 Accuracy & Uniformity
Each model was prompted to register the last po-
sition logits during the Accuracy experiment. The
prompt was zero-shot, with no context except:

"{STMT} This sentence is:"

We designed the context with the aim of tracking
directions that would prove useful in the second ex-
periment, too, where the models are asked to assess
the truth value of each statement under interven-
tions. The same formats were used for extracting
the projections in Figure 4.

A.1.2 Use
We used zero-shot prompting with light instruc-
tions in the context to prevent logits from collaps-
ing to true/false tokens. The prompts were in this
form:

"Determine whether the following
statement is factually correct.
Respond with exactly one of:
True, False, Unknown. Answer
Unknown unless you are certain.
\n{STMT}\nAnswer:"

The ‘Unknown’ option was added as a confounder
for tracking model uncertainty and avoiding biased
defaulting to one of the truth values. Since each
model presents different biases and tokenizers, we
had to slightly modify the prompts according to the
families, but kept our changes on the whitespaces
to preserve comparability across models.

A.1.3 Coherence
For the probabilistic coherence task, we had two
prompts. The first one was fed to the models to
extract probe-based probabilities and logit-based
probabilities, and it had this form:

"The sky is blue. This
statement is: True
\n\nThe earth is flat. This
statement is: False
\n\n{STMT} This statement is:"

This time, we used two-shot prompting to encour-
age the model to collapse most of its uncertainty
to the true and false tokens in order to track the
competing probabilities. For the self-reporting, we

had to resort to few-shot prompting together with a
stronger context to teach the task to the models:

"I am a fact-checking AI. For each
statement, I rate the probability
that the statement is true on a
scale from 0 to 1.
\n\nStatement: Paris is the
capital of France.
\nP(True): 0.95
\n\nStatement: The largest bear
in the world
is currently in Italy.
\nP(True): 0.25
\n\nStatement: Milan is the
capital of Italy.
\nP(True): 0.05

\n\nStatement: Humans have five senses.
\nP(True): 0.65
\n\nStatement: {STMT}
\nP(True):"

The shots were built to cover four different cases
of true/false uncertainty.

A.2 Scoring
A.2.1 Probabilistic Coherence
The scores for probabilistic coherence were tai-
lored to how negation, conjunction, and disjunc-
tion should behave on degrees of belief (Section
5.3). More specifically, the inverse MSE score for
negation was defined as:

NegScore =
1

1− MSE
(
p̂(ϕ) + p̂(¬ϕ), 1

) (7)

Where p̂(ϕ), p̂(¬ϕ) ∈ [0, 1]n are the vectors of
predicted probabilities for statement pairs in ϕ and
¬ϕ form, and:

1 = (1, . . . , 1)⊤ ∈ Rn (8)

Is the vector of ones of the same dimension as
p̂(ϕ).

The scores for conjunction and negation were
defined as a pair:

ConjScore =
1

N

N∑

i=1

1
[
P̂i (ϕ ∩ ψ) ≤ P̂i (ϕ)

]

(9)

DisjScore =
1

N

N∑

i=1

1
[
P̂i (ϕ ∪ ψ) ≥ P̂i (ϕ)

]

(10)
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Where ϕ ∩ ψ and ϕ ∪ ψ are statements that pair ϕ
with a new proposition ψ under conjunction and
disjunction respectively; 1

[
·
]

is the indicator func-
tion.

The baselines for conjunction and disjunction are
set to 0.5. For negation, rather than using a fixed
value, the baseline is constructed by randomly per-
muting the estimator’s predictions for positive and
negative statements before summing them. This
preserves the distributional properties of the predic-
tions while destroying the pairing between comple-
mentary statement pairs.

A.2.2 Final scoring

To enable meaningful comparison across the differ-
ent dimensions of our study, we extracted scores
from our experiments that fall in the range [0, 1],
with random baselines around 0.5. These scores
illustrate high-level differences in belief-likeness
across dimensions, but are not intended as a com-
petitive benchmark, and each aggregation is bound
to bring some distortion for the actual results,
which are reported in the rest of the study.

Accuracy For the Accuracy score we averaged
the top-5 activations for each of the tested mod-
els, resulting in the following scores: Gpt-J,
0.799 (Residual) - 0.718 (Heads); Llama, 0.895
(Residual) - 0.857 (Heads); Llama Instruct, 0.882
(Residual) - 0.899 (Heads); Gemma, 0.916 (Resid-
ual) - 0.911 (Heads); Gemma Instruct, 0.923
(Residual) - 0.925 (Heads).

Use (Absolute) For the Use (Absolute) score, we
collected the absolute effect E for each configu-
ration and mapped the values through a logistic
function with a fixed k = 2.5 slope applied for
spread:

σ(x) =
1

1 + e−kx
(11)

Our baseline is the unintervented model, which
trivially shows an effect of 0 leading to a 0.5 base-
line. The resulting scores are: Gpt-J, 0.578 (Resid-
ual) - 0.543 (Heads); Llama, 0.579 (Residual)
- 0.608 (Heads); Llama Instruct, 0.935 (Resid-
ual) - 0.956 (Heads); Gemma, 0.643 (Residual) -
0.679 (Heads); Gemma Instruct, 0.882 (Residual)
- 0.949 (Heads).

Use (Direction) The Use (Direction) score is
computed similarly to Use (Absolute), except for
an additional shift in the logistic function applied

to map the random baseline (E
→

= 1) to 0.5:

σ(x) =
1

1 + e−k(x−1)
(12)

we fix k = 0.15 considering the average higher
spread of values for E

→
. The resulting scores are:

Gpt-J, 0.529 (Residual) - 0.507 (Heads); Llama,
0.538 (Residual) - 0.552 (Heads); Llama Instruct,
0.956 (Residual) - 0.865 (Heads); Gemma, 0.629
(Residual) - 0.678 (Heads); Gemma Instruct,
0.889 (Residual) - 0.944 (Heads).

Coherence (Logic) For the Coherence (Logic)
score, we compute the average probe performance
on the best residual/head when trained on all
datasets and penalize variability, using mean mi-
nus standard deviation. This favors represen-
tations that are both high-performing and con-
sistent after exposure to all cross-logic datasets.
The resulting scores are: Gpt-J, 0.555 (Resid-
ual) - 0.530 (Heads); Llama, 0.648 (Residual)
- 0.596 (Heads); Llama Instruct, 0.679 (Resid-
ual) - 0.687 (Heads); Gemma, 0.708 (Residual) -
0.678 (Heads); Gemma Instruct, 0.768 (Residual)
- 0.784 (Heads).

Coherence (Probabilities) For the Coherence
(Probabilities) score, we average the probabilis-
tic performance of logistic regression estimators
trained and tested on the best residuals/heads
across negation, conjunction, and disjunction tasks.
Each score is baseline-corrected and shifted by
+0.5, such that baseline performance always cor-
responds to 0.5. The resulting scores are: Gpt-J,
0.687 (Residual) - 0.770 (Heads); Llama, 0.726
(Residual) - 0.712 (Heads); Llama Instruct, 0.722
(Residual) - 0.701 (Heads); Gemma, 0.716 (Resid-
ual) - 0.691 (Heads); Gemma Instruct, 0.728
(Residual) - 0.703 (Heads).

Uniformity As for Coherence (Logic), we av-
erage the probe performance on the best resid-
ual/head when the classifier has been exposed to all
cross-domain datasets prior to the accuracy report
and penalize variability. The resulting scores are:
Gpt-J, 0.669 (Residual) - 0.631 (Heads); Llama,
0.768 (Residual) - 0.654 (Heads); Llama Instruct,
0.752 (Residual) - 0.753 (Heads); Gemma, 0.763
(Residual) - 0.790 (Heads); Gemma Instruct,
0.807 (Residual) - 0.838 (Heads).
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A.3 Dataset
We employed and extended the True/False dataset
built by Marks and Tegmark (2024), chosen to
avoid overly misleading or hard statements - as,
for example, in TruthfulQA (Lin et al., 2022) or
TriviaQA (Joshi et al., 2017).

A.3.1 Dataset Composition
The original dataset includes statements across mul-
tiple domains: Cities, Companies, Larger, Smaller,
Spanish-English Translation (Sp_En_Trans), Coun-
terfact, and Common Claims. It already includes
negated statements for Cities and Sp_En_Trans, as
well as conjunction and disjunction statements for
Cities. We extended the dataset by creating logical
paraphrases for two domains: Companies (Nega-
tion only) and Common Claims (all paraphrases).

We used string manipulation to generate the
conjunction and disjunction paraphrases for Com-
mon Claims. For the negated versions of Common
Claims, we used GPT-4.1-mini via OpenAI’s API
(OpenAI, 2025) to ensure natural phrasing. Table 3
shows representative examples from each domain
and paraphrase type.

A.3.2 Data Splits and Validation
Due to the varied experimental setups, we orga-
nized the data splits as follows:

Accuracy: We first performed a 50/50 stratified
split (by domain) to reserve half the dataset for
the Use experiment. The Accuracy probes were
then trained and tested using an 80/20 split on the
first half. We employed 5-fold cross-validation for
statistical robustness.

Use: Based on results from the Coherence ex-
periments, we excluded logical paraphrases from

Figure 10: Average model scores across all experiments

this experiment. We used the held-out 50% of the
data, and performed exploratory grid searches on a
random subset of 100 statements. The results dis-
played in Table 2 are collected on the full partition
of the data.

Coherence (Logic) and Uniformity: We used
a 75/25 split in a cross-domain setup to test the
relative properties of these measures. Since no
cross-validation scheme was applicable here, the
split was repeated over 5 (logic) and 10 (unifor-
mity) random seeds to ensure statistical robustness
in both experiments.

Coherence (Probabilistic): We used a 70/30
split on the full dataset, with logically paraphrased
versions paired in the same rows to prevent data
leakage. The split was repeated over 5 random
seeds for each estimator. For testing, we analyzed
paraphrased versions from each domain and added
paraphrases from Counterfact and Companies.

The results reported in the Appendix were
obtained from a single run to save computational
resources.
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Statement Label Domain/Logic N

The city of Hangzhou is in China. True Cities 1496
The city of Casablanca is in Russia. False Cities

The city of Hangzhou is not in China. True Cities (Neg) 1496
The city of Casablanca is not in Russia. False Cities (Neg)

It is the case both that the city of Nasiriyah is in Iraq and that the
city of Tlalpan is in Mexico.

True Cities (Conj) 1496

It is the case both that the city of Coimbatore is in Uzbekistan and
that the city of Daqing is in China.

False Cities (Conj)

It is the case either that the city of Rajkot is in India or that the
city of Guankou is in Saudi Arabia.

True Cities (Disj) 1496

It is the case either that the city of Jeddah is in India or that the
city of Feira de Santana is in China.

False Cities (Disj)

Wild monkeys groom each other’s hair as a social activity. True Common
Claims

4450

More vitamin D makes some people bleed False Common
Claims

More vitamin D does not make some people bleed. True Common
Claims (Neg)

4450

Wild monkeys do not groom each other’s hair as a social activity False Common
Claims (Neg)

It is both the case that a seed is an embryonic plant enclosed in a
protective outer covering and some Indians worship oxen

True Common
Claims (Conj)

4450

It is both the case that More vitamin D makes some people bleed
and Lemons produce more electricity than batteries

False Common
Claims (Conj)

It is either the case that Wild monkeys groom each other’s hair
as a social activity or Female crows have been known to gather
around and help new mothers with childcare

True Common
Claims (Disj)

4450

It is either the case that More vitamin D makes some people bleed
or Lemons produce more electricity than batteries.

False Common
Claims (Disj)

American Express operates in the industry of diversified financials. True Companies 1200
Barclays has headquarters in Russia. False Companies

Fifty-six is larger than fifty-three. True Larger 1980
Sixty-five is larger than eighty-seven. False Larger

Sixty-five is smaller than eighty-seven. True Smaller 1980
Fifty-six is smaller than fifty-three. False Smaller

The Spanish word ‘madre’ means ‘mother’. True Sp_En_Trans 354
The Spanish word ‘insecto’ means ‘then’. False Sp_En_Trans

The Spanish word ‘insecto’ does not mean ‘then’. True Sp_En_Trans
(Neg)

354

The Spanish word ‘madre’ does not mean ‘mother’. False Sp_En_Trans
(Neg)

The Big Bang Theory debuted on CBS. True Counterfact 2000
Klemens von Metternich’s profession is an actor. False Counterfact

Table 3: Statements extracted from each domain of the dataset.
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A.4 Full results by model1

A.4.1 Gpt-2-Large
Accuracy We report a full probe sweep on the model’s attention heads.

Figure 11: Probe sweep on heads, Gpt-2-Large

A.4.2 Pythia-6.9B
Accuracy We report a full probe sweep on the model’s attention heads.

Figure 12: Probe sweep on heads, Pythia-6.9B

1For the full model-by-model analysis, we collected single-run results to save computational resources. While intervention
sweeps are useful for visualizing how model sensitivity changes according to intervention strength, we refer back to Table 2 for
full results on that experiment.
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A.4.3 Pythia-6.9B-Deduped
Accuracy We report a full probe sweep on the model’s attention heads.

Figure 13: Probe sweep on heads, Pythia-6.9B-Deduped

A.4.4 Yi-6B
Accuracy We report a full probe sweep on the model’s attention heads.

Figure 14: Probe sweep on heads, Yi-6B
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A.4.5 Yi-6B-Chat
Accuracy We report a full probe sweep on the model’s attention heads.

Figure 15: Probe sweep on heads, Yi-6B-Chat

A.4.6 GPT-J-6B
Accuracy We report a full probe sweep on the model’s attention heads.

Figure 16: Probe sweep on heads, GPT-J-6B
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Use Example sweeps, in both directions, plus control for reference.
Residual steering:

Figure 17: Grid search K, α, GPT-J-6B, Residual. Control sweeps on the right.

Head steering:

Figure 18: Grid search K, α, GPT-J-6B, Heads. Control sweeps are on the right.
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Coherence We report a full cross-dataset probing experiment (left) and full results for the probabilistic
experiment (right) for the model. Results on the residual stream:

(a) Logical Coherence (Residual) (b) Probabilistic Coherence (Residual)

Figure 19: Coherence results

Results on the attention heads:

(a) Logical Coherence (Heads) (b) Probabilistic Coherence (Heads)

Figure 20: Coherence results
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Uniformity We report the full cross-domain uniformity experiment for the model, results extracted from
the residual stream (left) and from the attention heads (right).

(a) Cross-domain Uniformity (Residual) (b) Cross-domain Uniformity (Heads)

Figure 21: Coherence results

A.4.7 Llama-3.1-8B
Accuracy We report a full probe sweep on the model’s attention heads (cf. Figure 2).

Figure 22: Probe sweep on heads, Llama-3.1-8B
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Use Example sweeps, in both directions, plus control for reference.
Residual steering:

Figure 23: Grid search K, α, Llama-3.1-8B. Random direction effect on F->T (upper right) and no effect on any
T->F task (lower) suggest a strong bias of the model towards ‘True’ tokens.

Head steering:

Figure 24: Grid search K, α, Llama-3.1-8B, Heads. See remarks on Figure 23
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Coherence We report a full cross-dataset probing experiment (left) and full results for the probabilistic
experiment (right) for the model.

Results on the residual stream:

(a) Logical Coherence (Residual) (b) Probabilistic Coherence (Residual)

Figure 25: Coherence results

Results on the attention heads:

(a) Logical Coherence (Heads) (b) Probabilistic Coherence (Heads)

Figure 26: Coherence results
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Uniformity We report the full cross-domain Uniformity experiment for the model, results extracted
from the residual stream (left) and from the attention heads (right).

(a) Cross-domain Uniformity (Residual) (b) Cross-domain Uniformity (Heads)

Figure 27: Uniformity results

A.4.8 Llama-3.1-8B-instruct
Accuracy We report a full probe sweep on the model’s attention heads (cf. Figure 2).

Figure 28: Probe sweep on heads, Llama-3.1-8B-instruct
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Use Example sweeps we performed on the model, in both directions, and showing sweeps performed on
random directions for reference.
Residual steering:

Figure 29: Grid search K, α, Llama-3.1-8B-Instruct, Residual. Control sweeps on the right.

Head steering:

Figure 30: Grid search K, α, Llama-3.1-8B-Instruct, Heads. Control sweeps on the right.

41059



Coherence We report a full cross-dataset probing experiment (left) and full results for the probabilistic
experiment (right) for the model.

Results on the residual stream:

(a) Logical Coherence (Residual) (b) Probabilistic Coherence (Residual)

Figure 31: Coherence results

Results on the attention heads:

(a) Logical Coherence (Heads) (b) Probabilistic Coherence (Heads)

Figure 32: Coherence results
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Uniformity We report the full cross-domain Uniformity experiment for the model, results extracted
from the residual stream (left) and from the attention heads (right).

(a) Cross-domain Uniformity (Residual) (b) Cross-domain Uniformity (Heads)

Figure 33: Uniformity results

A.4.9 Gemma-2-9B
Accuracy We report a full probe sweep on the model’s attention heads.

Figure 34: Probe sweep on heads, Gemma-2-9B
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Use Example sweeps we performed on the model, in both directions, and showing sweeps performed on
random directions for reference.
Residual steering:

Figure 35: Grid search K, α, Gemma-2-9B, Residual. Control sweeps on the right.

Head steering:

Figure 36: Grid search K, α, Gemma-2-9B, Heads. Control sweeps on the right.
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Coherence We report a full cross-dataset probing experiment (left) and full results for the probabilistic
experiment (right) for the model.

Results on the residual stream:

(a) Logical Coherence (Residual) (b) Probabilistic Coherence (Residual)

Figure 37: Coherence results

Results on the attention heads:

(a) Logical Coherence (Heads) (b) Probabilistic Coherence (Heads)

Figure 38: Coherence results
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Uniformity We report the full cross-domain Uniformity experiment for the model, results extracted
from the residual stream (left) and from the attention heads (right).

(a) Cross-domain Uniformity (Residual) (b) Cross-domain Uniformity (Heads)

Figure 39: Uniformity results

A.4.10 Gemma-2-9B-instruct
We report a full probe sweep on the model’s attention heads.

Figure 40: Probe sweep on heads, Gemma-2-9B-instruct
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Use Example sweeps we performed on the model, in both directions, and showing sweeps performed on
random directions for reference.
Residual steering:

Figure 41: Grid search K, α, Gemma-2-9B-Instruct, Residual. Control sweeps on the right.

Head steering:

Figure 42: Grid search K, α, Gemma-2-9B-Instruct, Heads. Control sweeps on the right.
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Coherence We report a full cross-dataset probing experiment (left) and full results for the probabilistic
experiment (right) for the model.

Results on the residual stream:

(a) Logical Coherence (Residual) (b) Probabilistic Coherence (Residual)

Figure 43: Coherence results

Results on the attention heads:

(a) Logical Coherence (Heads) (b) Probabilistic Coherence (Heads)

Figure 44: Coherence results
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Uniformity We report the full cross-domain Uniformity experiment for the model, results extracted
from the residual stream (left) and from the attention heads (right).

(a) Cross-domain Uniformity (Residual) (b) Cross-domain Uniformity (Heads)

Figure 45: Uniformity results
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