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Abstract

Rational decision-making under uncertainty requires coherent
degrees of belief in events. However, event probabilities gen-
erated by Large Language Models (LLMs) have been shown to
exhibit incoherence, violating the axioms of probability theory.
This raises the question of whether coherent event probabilities
can be recovered from the embeddings used by the models. If
so, those derived probabilities could be used as more accurate
estimates in events involving uncertainty, and the embeddings
would become more interpretable. To explore this question,
we propose enforcing axiomatic constraints, such as the addi-
tive rule of probability theory, in the latent space learned by an
extended variational autoencoder (VAE) applied to LLM em-
beddings. This approach enables event probabilities to naturally
emerge in the latent space as the VAE learns to both reconstruct
the original embeddings and predict the embeddings of semanti-
cally related events. We evaluate our method on complementary
events (i.e., event A and its complement, event not-A), where
the true probabilities of the two events must sum to 1. Experi-
ment results on open-weight language models demonstrate that
probabilities recovered from embeddings exhibit greater coher-
ence than those directly generated by the models. Moreover,
the recovered probabilities align closely with the true probabil-
ities, while the latent space of the VAE provides interpretable
structures.

Keywords: Coherence; Probability Judgments; Large Lan-
guage Models; Variational Autoencoeder; Axiomatic Con-
straints

Introduction

Understanding how language models represent and process
information through their embeddings is a key focus in mod-
ern interpretability research (Elhage et al., 2021; Gurnee et
al., 2023; Templeton et al., 2024). Of particular interest are
features related to event probabilities, as these shape how mod-
els reason and make decisions when faced with uncertainty
(Chen et al., 2018; Jia et al., 2024; Requeima et al., 2024;
Zheng et al., 2023). Emerging evidence suggests that event
probabilities generated by LLMs in text responses (which we
denote Pjudged) often lack coherence (Zhu & Gri!ths, 2024).
For instance, when separately prompted about an event A
and the complementary event not-A, the LLM-judged prob-
abilities for A and not-A typically do not sum to 1 (i.e.,
Pjudged (𝐿) + Pjudged (¬𝐿) ω 1). In contrast, true probabili-
ties inherently satisfy the axiomatic constraints dictated by
the rules of probability theory, ensuring that they are always
coherent. In addition to the rules of probability theory, LLMs

have also been found to violate other axioms (Alsagheer et al.,
2024; Horton, 2023; Liu et al., 2024; Raman et al., 2024; Zhu
& Gri!ths, 2024).

Incoherence can have significant and potentially dangerous
consequences. For instance, consider the risks of relying on an
incoherent LLM for financial advice or allowing it to make in-
vestment decisions on one’s behalf. Incoherent beliefs, such as
assigning probabilities like 𝑀(price up) = 𝑀(price down) =
0.6, can be easily exploited by arbitrageurs. Holding such
incoherent beliefs may become “money pumps,” as inconsis-
tent judgments create opportunities for others to profit at their
expense (Takayanagi et al., 2025; Yang et al., 2020). This
phenomenon is explored in Dutch Book arguments, which
emphasize the necessity of coherent beliefs to avoid such vul-
nerabilities (Pettigrew, 2020). Beyond finance, similarly ad-
verse outcomes can arise when incoherent LLMs are applied
to critical domains such as healthcare and law.

While the probabilities produced in LLM responses may
lack coherence, LLMs are generally capable of generating
coherent text descriptions of complementary events (Brown
et al., 2020). This suggests that the probabilities produced in
LLM outputs may not directly correspond to the probabilities
represented within their embeddings. Much as people might
not always explicitly articulate their true thoughts, it is pos-
sible that LLMs do not generate probabilities that faithfully
reflect their internal representations. In this paper, we investi-
gate whether valid event probabilities can be recovered from
LLM embeddings by imposing axiomatic constraints designed
to enforce coherence, and whether the resulting coherence-
imposed embeddings provide greater interpretability than the
original embeddings.

Imposing axiomatic constraints on the latent space may ini-
tially appear challenging, as these constraints often involve
complex relational dependencies among behaviors. However,
we demonstrate that under mild assumptions, enforcing the
additive rule for complementary events can be achieved by
enforcing structure in the latent space, akin to learning dis-
entangled latent representations (Bengio, 2013; Chen et al.,
2018; Mathieu et al., 2019). In this work, we make three
key contributions. First, we introduce a novel unsupervised
learning approach for extracting an interpretable latent space
from LLM embeddings by enforcing axiomatic constraints.
Second, we show that a subset of the latent variables, con-
strained by the axioms of probability theory, corresponds to
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Figure 1: A schematic illustration of the two-step VAE-based
learning algorithm. The objective is to distill axiomatic con-
straints between embeddings into the modified latent vari-
ables. (top) In the first step, a standard VAE is used to
disentangle explanatory factors within the latent space from
the model embeddings. This involves learning to reconstruct
the original LLM embeddings, e, by encoding them into a
compressed latent space, z, and subsequently decoding re-
constructed embeddings, ẽ. The latent space is modeled as
a multivariate Gaussian distribution with mean 𝑁 and stan-
dard deviation 𝑂. (bottom) In the second step, a subset of
the latent variables is modified after encoding, and the modi-
fied latent vector is passed through the decoder to predict the
embeddings of complementary events, ¬ẽ. The probabilistic
encoder and probabilistic decoder are denoted 𝑃𝐿 (z|e) and
𝑄𝑀 (e|z) respectively. Owing to the symmetry property (i.e.,
¬(¬e) = e), both e and ¬e can be used as input embeddings.

event probabilities implicitly encoded within LLM embed-
dings. Finally, we demonstrate that the recovered probabil-
ities exhibit improved coherence and align closely with the
true probabilities than those directly derived from the original
embeddings.

Problem Formulation

Let us consider a dataset of 𝑅 prompts, each representing
an event of interest, denoted as S = {s(𝑁) }𝑂𝑁=1. For example,
a prompt might be s: “What is the probability of rolling a
5 on a 6-sided die?” Our goal is to investigate how LLMs
represent event probabilities, relying solely on model embed-
dings and without access to the true probabilities of the events.
Specifically, we aim to recover the latent representation of the
event probability, z

(𝑁) , by extracting the corresponding em-
bedding e

(𝑁) from LLM, resulting in a dataset of embeddings:
E = {e(𝑁) }𝑂𝑁=1.

Importantly, for each prompt, we also have a prompt for
the complementary event: ¬S = {¬s

(𝑁) }𝑂𝑁=1. For the dice
example above, the prompt for the complementary event
would be ¬s: “What is the probability of rolling a number
other than 5 on a 6-sided die?” Similarly, for this dataset

of complementary events, we extract embeddings from the
LLMs, forming a dataset of complementary event embed-
dings: ¬E = {¬e

(𝑁) }𝑂𝑁=1.
Within this formulation, we aim to address three interre-

lated problems. First, we seek to understand how event prob-
abilities are encoded within LLM embeddings. Second, we
develop e!cient methods to recover and potentially enhance
these probability representations. Third, we explore the im-
plications of the learned representations when axiomatic con-
straints are correctly imposed, examining how such constraints
shape both their coherence and interpretability (see Appendix
B for related work1).

Method

Our unsupervised approach aims to learn a set of disentan-
gled latent variables that serve two key purposes. First, these
latent variables can be used to reconstruct the original em-
beddings. Second, through targeted modifications of specific
latent variables, they can also be used to accurately predict the
embeddings of complementary events. These modifications
e"ectively encode the relationship between complementary
events’ embeddings–by activating or deactivating the modifi-
cation, the same latent variables can predict either embedding.
We can then enforce desired axiomatic constraints that respect
the relationship between complementary events by imposing
a specific prior structure on these modified latent variables.
Conceptually, our approach aligns with methods that constrain
neural networks to exploit the symmetry of problems through
enforcing equivariance (Cohen & Welling, 2016; Zaheer et
al., 2017).

Specifically, given our focus on event probabilities from
LLM embeddings e → R𝑃 , all other information within the
embedding is considered extraneous and hence should be ef-
fectively compressed. To achieve this, we aim to map the
original embedding into a smaller, more compact latent space
z → R𝑄 , where 𝑆 ↑ 𝑇. Ideally, for simplicity and interpretabil-
ity, the event probability would be encapsulated in a single
latent variable (e.g., z

(1) ), with the remaining latent variables
representing information unrelated to the event probability.

Using two datasets of model embeddings for complemen-
tary events, E and¬E, we employ the autoencoding variational
Bayes algorithm to learn compressed and disentangled latent
representations z. As illustrated in Figure 1 and Algorithm 1,
the proposed method consists of two interleaved steps during
training.

In the first step, we adopt the standard variational autoen-
coder (VAE) framework, where two neural networks sepa-
rately implement the probabilistic encoder 𝑃𝐿 (z|e) and de-
coder 𝑄𝑀 (e|z) (Kingma & Welling, 2014). The parameters of
these networks (𝑈 and 𝑉) are jointly optimized to maximize
the likelihood of the embeddings, 𝑄(e). The prior distribu-
tion over latent variables is assumed to be a centered isotropic
multivariate Gaussian, 𝑄𝑀 (z) = N(z; 0, I).

1The Appendix is available at the following link: https://osf.io/
a3vw8
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In the second step, a key deviation from the standard VAE
framework is introduced to capture the constraints that the ax-
ioms of probability theory impose on complementary events:
this step optimizes the encoder and decoder parameters to
maximize the probability of the complementary embeddings
conditioned on the original embeddings, 𝑄(¬e|e). The ap-
proach assumes that the constraint between ¬e and e can be
captured by selectively modifying a subset of latent variables
after encoding. Because the constraint is explicitly incor-
porated during the latent modifications, the encoder-decoder
networks from Step 1 can be reused. Combined with the re-
maining unmodified latent variables, the partially modified
latent vector is then passed through the decoder network to
predict the embedding of the complementary event.

In summary, if the trained model successfully reconstructs
the input embedding from a compressed latent representation
and predicts the complementary embedding by partially mod-
ifying the same latent representation, the latent space should
capture interpretable and meaningful low-dimensional infor-
mation. Furthermore, the subset of latent variables that un-
dergo modification should adhere to the constraints imposed
during the modification process.

Variational bounds. Our learning algorithm aims to si-
multaneously capture two probability distributions: 𝑄(e)
and 𝑄(¬e|e). We assume that LLM embeddings are gen-
erated through a random process involving latent variables
z. Approximating the intractable marginal likelihood 𝑄(e)
is achieved by jointly optimizing an encoder, 𝑃𝐿 (z|e), and a
decoder, 𝑄𝑀 (e|z). Specifically, the optimization focuses on a
variational lower bound of the marginal likelihood:
log 𝑄(e) ↓ L1 (𝑈, 𝑉; e)

= E𝑅𝐿 (z |e)
[
log 𝑄𝑀 (e|z)

]
↔ 𝑊𝑆𝑇

(
𝑃𝐿 (z|e) ↗ 𝑄𝑀 (z)

)
(1)

The encoder and decoder can be parameterized using two neu-
ral networks (i.e., 𝑈 and 𝑉). The variational lower bound is
di"erentiable with respect to these neural network parame-
ters, enabling gradient-based optimization. To facilitate train-
ing, the reparameterization trick can be applied (Kingma &
Welling, 2014).

Similarly, the variational bound for 𝑄(e) can be extended to
𝑄(¬e|e) (see Appendix A):

log 𝑄(¬e|e) ↓ E𝑅 (z |e)
[
log 𝑄(¬e|z, e)

]

↔ 𝑊𝑆𝑇

(
𝑃(z|e) ↗ 𝑄(z|e)

)
(2)

This new bound introduces two additional quantities that
are intractable. The generative distribution, 𝑄(¬e|z, e), can
be simplified to depend solely on the latent variable. This
assumes that the modifications in the latent space are su!cient
to generate ¬e:

𝑄(¬e|z, e) ↘ 𝑄(¬e|𝑋 (z)) (3)
where the modification operation consists of negating the
first latent variable while preserving all others: 𝑋 (z) =
[↔z

(1)
, z

(↔1) ].

Furthermore, the true posterior 𝑄(z|e) can be approximated
using the posterior learned during the optimization of the
variational bounds for 𝑄(e):

𝑄(z|e) ↘ 𝑃𝐿 (z|e) (4)

Therefore, the training objective in the second step can be
rewritten as:

L2 (𝑈, 𝑉; e,¬e, 𝑈0) = E𝑅𝐿 (z |e)
[
log 𝑄𝑀 (¬e| ↔ z

(1)
, z

(↔1) )
]

↔ 𝑊𝑆𝑇

(
𝑃𝐿 (z|e) ↗ 𝑃𝐿0 (z|e))

)
(5)

where 𝑈0 denotes the parameters of the probabilistic encoder
learned from the first step.

In short, we hypothesize that the relationship between em-
beddings for complementary events (i.e., the relationship be-
tween e and ¬e) is captured in the first latent variable through
the sign-flipping operation (i.e., the modification between z

(1)

and ↔z
(1) ). This implies that the probabilities of the two com-

plementary events are intrinsically linked to the sign-flipping
transformation of the first latent variable. Consequently, the
first latent variable is best interpreted as representing log odds,
rather than raw probabilities. Finally, the log odds recorded
in the modified latent variable, z

(1) , are converted back to the
probability scale:

Precovered =
𝑌

z
(1)

1 + 𝑌
z(1)

(6)

By flipping the sign of z
(1) , we enforce that the recovered

probabilities satisfy the additive rule where the probabilities
of complementary events must sum to 1:

Precovered + (1 ↔ Precovered) =
𝑌

z
(1)

1 + 𝑌
z(1)

+ 𝑌
↔z

(1)

1 + 𝑌
↔z(1)

(7)

Experiments

We now demonstrate the e"ectiveness of our proposed method
using a dataset of dice-related events. The primary advantage
of using a probabilistic device like dice, as opposed to more
ambiguous or real-world events, lies in the availability of their
true probabilities. When the underlying true probabilities are
known, the accuracy of probability estimates can be assessed
by comparing them against these true values. This enables
us to evaluate not only the coherence among a set of related
probability estimates but also their alignment with the true
probabilities.

We simulated all possible outcomes from rolling multi-
sided dice, including scenarios such as a single roll of a 6-
sided die, two rolls of a 6-sided die, and five rolls of a 4-sided
die. In addition to determining the probability of observing
a specific number or sum from the rolls, we also considered
comparative queries, such as whether the sum is less than or
greater than a given number (e.g., “What is the probability
that the sum of 8 rolls of a 10-sided die is greater than 15?”).
In total, we generated 𝑅 = 1, 728 probability questions along
with their corresponding complementary events.
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Moreover, we constructed a held-out test set consisting of
480 dice events. These events were generated using the same
procedure as the training set but varied in the number of rolls
and the number of sides on the die. Importantly, none of the
480 test events or their complements appeared in the training
set. This test set constitutes approximately 28% of the size of
the training set (see Appendix D for details).

We primarily focused on the Gemma-2-9b-instruct model,
chosen for its open-weight architecture and robust perfor-
mance on established benchmarks (Gemma Team et al., 2024).
We replicated our experiments using Llama-3.1-8b-instruct
(Dubey et al., 2024), with detailed results in Appendix K.

Judged probabilities. We first evaluate the intuitive prob-
ability judgments generated in text by the Gemma model. To
facilitate comparison with the probabilities recovered from
model embeddings, we include the following system prompt
before each probability question: “You are asked to only pro-
vide an intuitive probability judgment as a number between 0
and 1.” The text responses were filtered to retain only a single
real number between 0 and 1 representing the model’s judged
probability. The model’s temperature was set to 1.

For complementary events, we define an incoherence mea-
sure by comparing the sum of the probabilities of the two
events to the expected coherent sum of 1:

Incoherence = |P + ¬P ↔ 1| (8)

This absolute di"erence quantifies the extent of incoherence
in the probability estimates.

As shown in Table 1 and Figure 2a, Pjudged exhibits mean
incoherence scores of 0.13 on the training set and 0.14 on
the test set, indicating a substantial deviation from the per-
fect coherence exhibited by Ptrue. These findings replicate
the results reported in (Zhu & Gri!ths, 2024). Despite this
incoherence, Pjudged demonstrates good alignment with the
true probabilities, with Pearson’s 𝑍 = 0.80 (𝑄 < .01) and
𝑍 = 0.73 (𝑄 < .01) for the training and test sets, respectively.

To improve coherence, we also normalize Pjudged by tak-
ing pairs of judgments for complementary events and divid-
ing each by their summed total. This normalization imposes
the arithmetic constraint and therefore reduces incoherence
to zero, while leaving accuracy, measured by MSE, relatively
unchanged (𝑎 (3455) = ↔2.54, 𝑄 = .01 for the training set
and 𝑎 (959) = ↔1.71, 𝑄 = .09 for the test set). Furthermore,
we explored an alternative approach in which complementary
events were jointly presented within the same prompt, explic-
itly allowing the model to reason before providing its final
probability judgments. This method significantly improved
both the accuracy and coherence of probability judgments
(see Appendix E).

Recovered probabilities. Now we apply unsupervised
methods on LLM embeddings in order to learn to recover in-
terpretable event probabilities. For each probability question,
we extracted the embedding of the last token from the final
layer before the logit computation, leading to two datasets of
{e(𝑁) }1728

𝑁=1 and {¬e
(𝑁) }1728

𝑁=1 . Notably, neither Ptrue nor Pjudged is
provided during this process. Due to the symmetry property

(i.e.,¬(¬e) = e), both e and¬e were used as input embeddings
for the VAE.

Since the modified latent variable is interpreted as rep-
resenting log odds, the centered isotropic Gaussian prior
𝑄𝑀 (z) = N(z; 0, I) e"ectively enforces the axiomatic con-
straint of complementary events. This is because the additive
rule for complementary events in the log-odds space corre-
sponds to the sum of the log odds of the two events equaling
zero. Therefore, the Gaussian prior with a mean of zero can
be interpreted as a form of regularization that aligns the la-
tent variables with the imposed axiomatic constraint. As a
corollary, stricter regularization can be imposed by increasing
the weight of the divergence from this prior, more strongly
enforcing adherence to the axiomatic constraint.

In practice, we employ 𝑏-VAE (Higgins et al., 2017) to con-
trol the regularization strength toward the desired axiomatic
constraint. 𝑏-VAE introduces a hyperparameter, 𝑏, which
scales the KL divergence term in the VAE objective (see Equa-
tion 1 and 2). In our experiments, we set 𝑏 = 5 to emphasize
regularization toward the Gaussian prior. When converting
log odds back to the probability scale, we applied the same
value of 5 for temperature. Step 1 and Step 2 of the training
process were interleaved every 10 training episodes. In each
episode, a batch of 128 embeddings, along with those of the
complementary events, was randomly selected. AdamW with
a learning rate of 1e-4 was used for optimization (Loshchilov,
2017).

The architecture consists of an encoder and decoder, each
implemented as a 3-layer feedforward neural network with
GELU activation functions (Hendrycks & Gimpel, 2016).
Each layer contains 𝑇 neurons, where 𝑇 is the embedding
dimension, and the hidden dimension is set to 10.

Figure S2 presents the mean values of the 10 latent vari-
ables after training, comparing the embeddings for the two
complementary events. All latent variables exhibit a posi-
tive relationship, except for the modified latent variable (i.e.,
z
(1) ). This suggests that the relationship of complementary

events between e and ¬e has been successfully distilled into
this specific latent variable. As illustrated in Figure 2b, the log
odds values of z

(1) were transformed back into the probability
scale, yielding Precovered (see Equation 6).

On the held-out test set (see Table 1), we find that Precovered
is significantly more coherent than Pjudged, as indicated by a
lower incoherence score (𝑎 (479) = ↔10.47, 𝑄 < .01). How-
ever, its coherence is statistically indistinguishable from that
of the normalized Pjudged (𝑎 (479) = 1.01, 𝑄 = .31). In
terms of accuracy, measured by MSE, Precovered performs
comparably to Pjudged (𝑎 (959) = ↔1.58, 𝑄 = .12). Addition-
ally, Precovered and Pjudged are strongly correlated (Pearson’s
𝑍 = 0.90, 𝑄 < .01), indicating substantial alignment between
the two (see Appendix F). Taken together, these results sug-
gest that while LLM embeddings encode information that
supports more coherent probability estimates, there remains
considerable room for accuracy improvement in how event
probabilities are represented.
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Precoveredba Pjudged

Pa
recoveredc d Pprobe

Figure 2: Comparison of event probability estimates elicited from Gemma-2-9b-instruct: (a) judged probabilities, (b) recovered
probabilities, (c) recovered probabilities with Step 2 ablated, and (d) probabilities predicted by a linear probe. As indicated by
the dotted black lines in the left panel, coherent probability estimates for event A and its complement (not-A) should sum to 1.
The right panel compares the elicited probabilities with the true probabilities. Error bars represent standard errors of the mean
for the window-binned scatter points.

Table 1: Quality of probability estimates (Gemma-2-9b-instruct). Incoherence is quantified using Equation 8, while accuracy is
assessed via Pearson’s correlation coe!cient (𝑍) and mean squared error (MSE) with respect to the true probabilities. Models
that use LLM embeddings to predict event probabilities are trained exclusively on the training set, with model weights held
fixed during evaluation on the test set.

Dataset Elicitation method Incoherence ≃ (95% CI) Pearson’s 𝑍 ⇐ MSE ≃
Train Pjudged 0.1297 ([0.1218, 0.1376]) 0.8032 (𝑄 < .01) 0.0601

Pjudged (normalized) 0.0023 ([0.0000, 0.0046]) 0.7862 (𝑄 < .01) 0.0654
Precovered 0.0227 ([0.0211, 0.0243]) 0.8264 (𝑄 < .01) 0.0587
P
𝑈
recovered 0.2948 ([0.2827, 0.3069]) 0.7610 (𝑄 < .01) 0.0750

Pprobe 0.0006 ([0.0006, 0.0007]) 1.0 (𝑄 < .01) < 0.0001
Test Pjudged 0.1366 ([0.1190, 0.1542]) 0.7286 (𝑄 < .01) 0.0927

Pjudged (normalized) 0.0021 ([-0.0020, 0.0062]) 0.7091(𝑄 < .01) 0.1007

Precovered 0.0383 ([0.0314, 0.0452]) 0.7328 (𝑄 < .01) 0.1014

P
𝑈
recovered 0.3457 ([0.3223, 0.3692]) 0.7167 (𝑄 < .01) 0.1140

Pprobe 0.8535 ([0.8241, 0.8829]) -0.1328 (𝑄 < .01) 0.4654

Note. P
𝑈
recovered refers to the recovered event probabilities from the ablated model. Pprobe refers to the probabilities predicted by

a linear probe. Bolded numbers indicate the best-performing methods on the test set. When multiple methods are highlighted,
their performance di"erences are not statistically significant at the 0.05 level.

Non-modified latent variables. We examine the remaining
nine non-modified latent variables, z

(2:10) , which exhibited a
positive relationship between e and ¬e. To assess whether
these latent variables are interpretable, we regress the features
of the prompts onto the mean values of these latent variables.
For each prompt, we identified six features, as detailed in Table
S1 features column. To illustrate, consider the prompt “What
is the probability of rolling a 5 on a 6-sided die?”. This prompt
can be characterized by the following six features: (i) one roll,
(ii) a 6-sided die, (iii) an outcome of 5, (iv) a true probability

of 1/6, (v) no reference to a sum, and (vi) a comparison type
of “equal to.”

Using Lasso regression with a penalty ratio of 1, we find
that many non-modified latent variables are associated with
specific features of the prompts. As shown in Table S1 (see
Appendix G), z

(9) is strongly associated with the number of
rolls, accounting for 50% variance (𝑐2 = 50%); z

(7) corre-
sponds to whether a prompt involves a summation of multiple
rolls (𝑐2 = 61%); and z

(5) is linked to the comparison type
(𝑐2 = 61%). In addition, true probabilities and outcomes
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appear to be influenced by a combination of latent variables,
with the true probabilities being predominantly a"ected by
the modified latent variable, z

(1) . While the modified z
(1)

is mostly correlated with the true probabilities, certain other
latent variables, such as z

(5,7,9) , exhibit correlations with mul-
tiple features. This suggests the presence of polysemanticity
(Bolukbasi et al., 2021; Elhage et al., 2022), a phenomenon
where neuron activates for a range of di"erent features, in the
compressed latent space.

Ablation study. To evaluate the e"ectiveness of our pro-
posed two-step method, we conducted an ablation study. A
key concern is whether Step 2 in Figure 1, which modifies the
latent vector for more targeted isolation in the latent space,
is necessary to identify latent variables associated with event
probabilities. Specifically, we sought to determine whether a
disentangled representation could be achieved by applying a
standard VAE to LLM embeddings without Step 2.

To address this question, we removed the interleaved train-
ing from our method and directly implemented a 𝑏-VAE using
the same hyperparameters and architecture. In this ablated
model, the objective is learning to reconstruct the input em-
beddings. Notably, both e and ¬e were used as input em-
beddings, ensuring that the ablated model was trained on the
same amount of data as before. The learned latent repre-
sentations are shown in Figure S3 (see Appendix I). These
latent representations do not exhibit clear relationships (pos-
itive or negative) between e and ¬e. This suggests that the
phenomenon of polysemanticity is more pronounced in rep-
resentations learned from the standard 𝑏-VAE compared to
those produced by our two-step method. Consequently, it is
challenging to identify latent variables in the ablated model
that are specifically associated with event probabilities. While
incorporating additional supervision signals from true prob-
abilities could potentially enable the construction of a linear
model that combines multiple latent variables to predict event
probabilities, this would undermine the objective of recover-
ing event probabilities through unsupervised learning.

Nonetheless, the latent variable associated with event prob-
abilities is expected to exhibit the strongest negative corre-
lation between complementary events. Consistent with this
expectation, we found the 9th latent variable most negatively
correlated (Pearson’s 𝑍 = ↔0.31, 𝑄 < .01). The recov-
ered probabilities from the ablated model (which we denote
P
𝑈
recovered) were derived based on this latent variable (see Fig-

ure 2c). However, P
𝑈
recovered are less coherent than Precovered

(𝑎 (1727) = ↔44.68, 𝑄 < .01 for incoherence scores) and
also less accurate (𝑎 (3455) = ↔6.71, 𝑄 < .01 for MSE) in
the training set. These findings suggest that ablating Step 2
results in a less interpretable latent space.

Linear Probe. Finally, we train a linear probe to map
LLM embeddings onto the log-odds of the true probabilities.
Specifically, logit(Ptrue) = 𝑏

⇒
e, where 𝑏 denotes the regres-

sion coe!cients corresponding to the embedding dimension.
At test time, these coe!cients are applied to embeddings from
held-out events, and the predicted logits are transformed back

to probabilities. As shown in Figure 2d and Table 1, the probe
achieves near-perfect coherence and accuracy on the training
set but fails to generalize to the test set. In Appendix J, we
examine an alternative approach using Ptrue directly as the
training target. While this yields a more stable mapping from
embeddings to probabilities, the resulting predictions on the
test set are not guaranteed to be coherent, as they may fall
outside the [0, 1] interval. These findings from the linear
probe suggest that event probabilities are likely embedded in
a nonlinear manner.

Discussion

Our unsupervised approach recovers more coherent and in-
terpretable event probabilities from LLM embeddings than
those obtained through prompting probability judgments in
text. This improvement is achieved by enforcing the additive
rule of probability theory on the embeddings of complemen-
tary events. Moreover, the resulting latent space exhibits high
interpretability, with individual latent variables correspond-
ing to specific features of the prompt. This suggests that when
properly trained, the compressed latent representation derived
from LLM embeddings can e"ectively disentangle LLM em-
beddings without introducing sparsity bias on the latent space.

Limitations and Future Directions. We note several
limitations of our current work that suggest promising di-
rections for future research. The latent space can be fur-
ther extended to accommodate additional axiomatic con-
straints. For instance, the relationship between conjunctive
and constituent events could be enforced through Bayes’ rule:
𝑀(𝐿 and 𝑑) = 𝑀(𝐿)𝑀(𝑑 |𝐿). Future work could explore
methods for e"ectively implementing such axiomatic con-
straints. Likewise, generalizing the method to capture more
naturalistic events with real-world relevance is an important
research direction.

Moreover, a natural next step is to investigate whether edit-
ing neuron activations based on the learned latent variables
can produce more coherent probability judgments. We con-
sider this a promising direction for establishing a clearer causal
relationship. Our approach could be extended to explore var-
ious other constraints across di"erent LLM modalities. For
instance, in multimodal LLMs, embeddings should exhibit ro-
tational invariance when processing images of the same object
from di"erent angles. Future research could investigate how
to impose such constraints.

Conclusion. We have shown that coherent probability judg-
ments can be extracted from LLMs by imposing axiomatic
constraints on the underlying representations. The successful
recovery of coherent probability estimates from LLM embed-
dings suggests that critical information might be lost when
LLMs generate probability judgments in text form. Our find-
ings support recent hypotheses that certain LLM capabilities
– in this case, the ability to generate more accurate probabil-
ity judgments – remain “hidden” when only examining model
responses but can be unlocked through self-improvement tech-
niques such as bootstrapping (Zelikman et al., 2022).
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