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Article

Behavior Revealed in Mobile Phone Usage Predicts
Credit Repayment
Daniel Björkegren and Darrell Grissen

Abstract

Many households in developing countries lack formal financial histories, making it difficult for firms to extend
credit, and for potential borrowers to receive it. However, many of these households have mobile phones, which
generate rich data about behavior. This article shows that behavioral signatures in mobile phone data predict
default, using call records matched to repayment outcomes for credit extended by a South American telecom.
On a sample of individuals with (thin) financial histories, this article’s method actually outperforms models
using credit bureau information, both within-time and when tested on a different time period. But the method
also attains similar performance on those without financial histories, who cannot be scored using traditional
methods. Individuals in the highest quintile of risk by the measure used in this article are 2.8 times more likely
to default than those in the lowest quintile. The method forms the basis for new forms of credit that reach the
unbanked.

JEL classification: D14, O16, G23, O12, C58

Keywords: credit scoring, machine learning, digital credit, mobile phones, financial inclusion

1. Introduction

Mobile phones have spread dramatically: There are over 4.5 billion mobile phones in developing countries
(ITU 2011). In addition to improving communication, these devices make it possible to provide new
forms of credit. Telecoms often extend credit to help smooth phone consumption itself: as incomes rise,
consumers are expected to transition from prepaid to postpaid plans, which are essentially rolling credit
accounts. Phone networks can also be used to mediate loans for consumer durables, such as pay-as-
you-go solar energy systems.1 And through mobile money, phone networks can provide loans directly to

Daniel Björkegren (corresponding author) is a professor at Brown University, Providence, Rhode Island, USA; his email
address is dan@bjorkegren.com. Darrell Grissen is a former employee of the Entrepreneurial Finance Lab, and was employed
during data collection; his email address is dgrissen@gmail.com. The research for this article was supported financially by
the George Shultz Fellowship from the Stanford Institute for Economic Policy Research and the W. Glenn Campbell and
Rita Ricardo-Campbell National Fellowship at Stanford University. The authors are grateful to Entrepreneurial Finance Lab
and partners for providing data. The authors thank Jeff Berens, Nathan Eagle, Alfredo Ebentreich, Javier Frassetto, and
Seema Jayachandran for helpful discussions, as well as audiences at the American Economic Association Annual Meetings,
NEUDC,Microsoft Research,NBER IT and Digitization, and the AMID/BREAD Summer School in Development Economics.
A supplementary online appendix is available with this article at The World Bank Economic Review website.
1 Typically, if approved for a household solar energy loan, consumers receive the device and pay installments via mobile

money. If consumers miss payments, their device is remotely switched off via the mobile phone network.

© The Author(s) 2019. Published by Oxford University Press on behalf of the International Bank for Reconstruction and Development / THE WORLD BANK.
All rights reserved. For permissions, please e-mail: journals.permissions@oup.com

D
ow

nloaded from
 https://academ

ic.oup.com
/w

ber/advance-article-abstract/doi/10.1093/w
ber/lhz006/5622690 by Bibl du C

entre Sci d'O
rsay /U

niversite Paris Sud XI user on 24 N
ovem

ber 2019
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Abstract—When users move in a physical space (e.g., an urban
space), they would have some records called mobility records
(e.g., trajectories) generated by devices such as mobile phones
and GPS devices. Naturally, mobility records capture essential
information of how users work, live and entertain in their daily
lives, and therefore, they have been used in a wide range of tasks
such as user profile inference, mobility prediction and traffic
management. In this paper, we expand this line of research by
investigating the problem of inferring user socioeconomic statuses
(such as prices of users’ living houses as a proxy of users’
socioeconomic statuses) based on their mobility records, which
can potentially be used in real-life applications such as the car
loan business. For this task, we propose a socioeconomic-aware
deep model called DeepSEI. The DeepSEI model incorporates
two networks called deep network and recurrent network, which
extract the features of the mobility records from three aspects,
namely spatiality, temporality and activity, one at a coarse
level and the other at a detailed level. We conduct extensive
experiments on real mobility records data, POI data and house
prices data. The results verify that the DeepSEI model achieves
superior performance than existing studies. All datasets used in
this paper will be made publicly available.

Index Terms—GPS trajectory data; human mobility; deep
neural networks

I. INTRODUCTION

With the rapid development of GPS devices and mobile
technologies, recent years have witnessed an unprecedented
growth in mobility data. This big amount of data has at-
tracted many research efforts to acquire knowledge of human
mobility behaviors. More specifically, extensive studies have
been conducted on profiling users from mobility records. For
example, it has been explored to infer users’ demographic
attributes from their check-ins [1], users’ ethics and gender
from their photo sharing data with geo tags [2], passengers’
employment statuses from their smart card data [3], [4], and
users’ demographics from their trajectories [5], etc. While
these techniques are extensive and have some merits, there still
exist some scenarios that have been overlooked and/or cannot
be adequately solved by them. For example, in some real-
life applications such as car loans, quite many demographic
attributes such as the age and gender of the users are already
provided by users. What is demanded for these applications
is to infer the socioeconomic statuses of users, e.g., the prices

¶Corresponding author.

of their living houses and whether they will pay their monthly
loans on time, etc. Yet these have been mostly overlooked by
existing studies [1], [2], [3], [4], [5].

In this paper, we aim to infer users’ socioeconomic statuses
from their mobility records. This is motivated by two con-
siderations. First, users’ socioeconomic statuses are closely
linked to where they live or work, both of which could be
potentially reflected by their mobility records. Second, users’
socioeconomic statuses can sometimes be disclosed by the
places they visit, especially those they visit during weekends,
and the patterns of their visits at these places, which again
could be revealed by their mobility records. Here, a user’s
socioeconomic status can refer to many different indicators,
such as the price range of the user’s living house [6], [4],
the likelihood that the user will pay a car loan installment on
time, or the user’s income, etc. Constrained by the availability
of datasets and privacy concerns, in this paper, we infer the
home location of a user based on his/her mobility records
(i.e., Geolife) and then crawl the house price data from the
Web based on the home location as the proxy of the user’s
socioeconomic status. Since both the mobility records data and
the house price data are publicly available, no privacy will be
broken in this study.

Specifically, we propose a socioeconomic-aware deep model
called DeepSEI for user socioeconomic status inference. In
DeepSEI, it first preprocesses the users’ mobility records
data by filtering the noises, extracting the stay points, and
inferring the activities behind the extracted stay points. Then, it
incorporates two networks, namely deep network and recurrent
network, to capture users’ activities data at a coarse level and
at a detailed level, respectively, for this task. The deep network
aims to capture some statistics based on users’ mobility
records (i.e., at a coarse level) and the recurrent network
aims to capture the sequential patterns behind users’ mobility
records (i.e., at a detailed level).

The deep network takes as inputs three features of users’
mobility records data, including spatiality diversity, temporal-
ity diversity and activity diversity. Spatiality diversity captures
the spatial information in the territory where users’ daily
activities are conducted. Temporality diversity captures the
temporal regularity of users, which can potentially help to
indicate their professions, e.g., self-employers tend to stay at
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Abstract

There is an increasing interest in exploiting mobile sensing technologies and
machine learning techniques for mental health monitoring and intervention. Re-
searchers have effectively used contextual information, such as mobility, commu-
nication and mobile phone usage patterns for quantifying individuals’ mood and
wellbeing. In this paper, we investigate the effectiveness of neural network models
for predicting users’ level of stress by using the location information collected by
smartphones. We characterize the mobility patterns of individuals using the GPS
metrics presented in the literature and employ these metrics as input to the network.
We evaluate our approach on the open-source StudentLife dataset. Moreover, we
discuss the challenges and trade-offs involved in building machine learning models
for digital mental health and highlight potential future work in this direction.

1 Introduction

Mobile phones have transformed over a period of time from merely communication tools to an
indispensable part of daily life assisting us in a variety of day-to-day situations. At the same time,
these devices come with an array of embedded sensors that are capable of passively monitoring
numerous physical-context modalities. However, these sensors are not capable of directly capturing
users’ cognitive context, such as mood and well-being states. Addressing this challenge by enabling
mobile phones to passively infer them could help tackle the global burden caused by adverse
mental health conditions [16]. Moreover, early detection of such conditions is essential for effective
prevention by enabling appropriate intervention and treatments.

The new technological capability of obtaining an unprecedented access to people’s emotional states
and aspects of daily lives has given rise to a growing number of mental-health apps [2], and the task
of making sense of such data and building prediction models is one of great interest to researchers
and practitioners [15]. Recent studies have shown the potential of exploiting mobile sensing data
to learn and, potentially, predict the users’ cognitive context, such as mood [17, 11, 20, 14] and
well-being states [4, 18, 12, 21]. Other recent studies have focused on the analysis of social media
information [3, 6, 1]. However, until now, very few of these studies have explored the potential of
neural-network-based machine learning algorithms to model users’ mood through their contextual
data from mobile phones. Solely, Suhara et al. [21] have investigated the development of a neural-

31st Conference on Neural Information Processing Systems (NIPS 2017), Long Beach, CA, USA.
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in Large Language Models
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Abstract

Recent advances in Large Language Models
(LLMs) have sparked wide interest in val-
idating and comprehending the human-like
cognitive-behavioral traits LLMs may capture
and convey. These cognitive-behavioral traits
include typically Attitudes, Opinions, Values
(AOVs). However, measuring AOVs embedded
within LLMs remains opaque, and different
evaluation methods may yield different results.
This has led to a lack of clarity on how differ-
ent studies are related to each other and how
they can be interpreted. This paper aims to
bridge this gap by providing a comprehensive
overview of recent works on the evaluation of
AOVs in LLMs. Moreover, we survey related
approaches in different stages of the evalua-
tion pipeline in these works. By doing so, we
address the potential and challenges with re-
spect to understanding the model, human-AI
alignment, and downstream application in so-
cial sciences. Finally, we provide practical
insights into evaluation methods, model en-
hancement, and interdisciplinary collaboration,
thereby contributing to the evolving landscape
of evaluating AOVs in LLMs.

1 Introduction

Recent years have witnessed a remarkable improve-
ment in the development of Large Language Mod-
els (LLMs), holding the promise of boosting var-
ious domains, from computer sciences to social
sciences and beyond (Ziems et al., 2024). Amid
the excitement surrounding their capabilities, when
we take a human-centric perspective, an important
question lies: How well do these LLMs capture
and convey human cognitive-behavioral traits?

By drawing upon traditional theories from the so-
cial sciences (such as Katz, 1960; Rokeach, 1968;
Ajzen, 1988; Bergman, 1998), we consider human

∗Lead authors.

cognitive-behavioral traits, in our case specifically
Attitudes, Opinions, Values (AOVs), as funda-
mental components of human cognition, shaping
our perceptions, decisions, and interactions. By
examining whether and how LLM outputs reflect
AOVs, and comparing these AOVs to those of hu-
mans, we can gain deeper insights into the models’
capacity to function as autonomous agents mir-
roring human AOVs. The AOVs in LLMs also
impact users in downstream applications, such as
writing assistants (Jakesch et al., 2023), and affect
decision-making processes and perceptions (Eigner
and Händler, 2024).

In recent studies, survey questionnaires that were
originally used to estimate public opinions in the
social sciences are now being popularly utilized to
evaluate the opinions of LLMs and subsequently
to study the alignment with human opinions (San-
turkar et al., 2023; Hwang et al., 2023; Kim and
Lee, 2024, inter alia). At the same time, the wide
range of evaluation methods used to assess LLM
responses has led to inconsistent outcomes, com-
plicating reliable assessment of the models. For
instance, Röttger et al. (2024) demonstrate that dif-
ferent prompting methods lead to different results;
Wang et al. (2024b) show that output extraction
methods can yield misaligned results. However,
this variability in evaluation methods has some-
times been overlooked in real usecases—posing
risks of missing subtleties in LLM performance,
yielding incomplete or biased assessments. This
oversight raises questions about the model’s true
capabilities and its alignment with human opinions.

Motivated by the rising interest in studying the
human-like traits of LLMs, in this paper, we present
the first survey on the evaluation of AOVs in LLMs.
Before moving into the details, we first position
our survey in the context of other relevant surveys
and then show the framework of our survey.

8783

Multilingual Political Views of Large Language Models:
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Abstract

Large language models (LLMs) are increas-
ingly used in everyday tools and applications,
raising concerns about their potential influence
on political views. While prior research has
shown that LLMs often exhibit measurable po-
litical biases–frequently skewing toward lib-
eral or progressive positions–key gaps remain.
Most existing studies evaluate only a narrow
set of models and languages, leaving open ques-
tions about the generalizability of political bi-
ases across architectures, scales, and multilin-
gual settings. Moreover, few works examine
whether these biases can be actively controlled.

In this work, we address these gaps through a
large-scale study of political orientation in mod-
ern open-source instruction-tuned LLMs. We
evaluate seven models, including LLaMA-3.1,
Qwen-3, and Aya-Expanse, across 14 lan-
guages using the Political Compass Test with
11 semantically equivalent paraphrases per
statement to ensure robust measurement. Our
results reveal that larger models consistently
shift toward libertarian-left positions, with sig-
nificant variations across languages and model
families. To test the manipulability of political
stances, we utilize a simple center-of-mass ac-
tivation intervention technique and show that
it reliably steers model responses toward al-
ternative ideological positions across multi-
ple languages. Our code is publicly avail-
able at https://github.com/d-gurgurov/
Political-Ideologies-LLMs.

1 Introduction

Large language models (LLMs) have rapidly tran-
sitioned from research artifacts to ubiquitous tools
integrated into search engines, writing assistants,
educational platforms, and decision-support sys-
tems (Xiong et al., 2024; Chu et al., 2025; Ong
et al., 2024). As these models increasingly me-
diate human access to information and shape dis-
course across diverse domains, understanding their

(a) Aya Expanse 8B

(b) Aya Expanse 32B

Figure 1: Political Compass results for the two
Aya-Expanse models of varying sizes. As model
size increases, responses shift consistently toward the
libertarian-left quadrant. Results for the other evaluated
models are provided in Appendix B.

implicit biases–particularly regarding politically
sensitive topics–has become a matter of significant
societal importance (Bender et al., 2021; Weidinger
et al., 2021).

The concern extends beyond mere academic cu-
riosity. When millions of users interact with LLMs
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The political ideology of conversational AI:
Converging evidence on ChatGPT’s

pro-environmental, left-libertarian orientation
Jochen Hartmanna,1,�, Jasper Schwenzowb,1, and Maximilian Witteb,1

aTechnical University of Munich, TUM School of Management, Arcisstr. 21, 80333 Munich, Germany
bUniversity of Hamburg, Hamburg Business School, Moorweidenstrasse 18, 20148 Hamburg, Germany

1All authors contributed equally to this work.

Conversational artificial intelligence (AI) disrupts how hu-
mans interact with technology. Recently, OpenAI introduced
ChatGPT, a state-of-the-art dialogue model that can converse
with its human counterparts with unprecedented capabilities.
ChatGPT has witnessed tremendous attention from the media,
academia, industry, and the general public, attracting more
than a million users within days of its release. However, its ex-
plosive adoption for information search and as an automated
decision aid underscores the importance to understand its limi-
tations and biases. This paper focuses on one of democratic soci-
ety’s most important decision-making processes: political elec-
tions. Prompting ChatGPT with 630 political statements from
two leading voting advice applications and the nation-agnostic
political compass test in three pre-registered experiments, we
uncover ChatGPT’s pro-environmental, left-libertarian ideol-
ogy. For example, ChatGPT would impose taxes on flights, re-
strict rent increases, and legalize abortion. In the 2021 elec-
tions, it would have voted most likely for the Greens both in Ger-
many (Bündnis 90/Die Grünen) and in the Netherlands (Groen-
Links). Our findings are robust when negating the prompts, re-
versing the order of the statements, varying prompt formality,
and across languages (English, German, Dutch, and Spanish).
We conclude by discussing the implications of politically biased
conversational AI on society.

conversational artificial intelligence | algorithmic bias | voting advice applica-
tions | natural language processing | ChatGPT
Correspondence: jochen.hartmann@tum.de

Introduction
The rapid progress and proliferation of conversational AI dis-
rupt the way humans interact with technology and obtain in-
formation (1). AI-enabled systems can have a consequential
impact on human lives, especially when used as decision aids
in high-stakes contexts, e.g., medicine (2, 3), jurisdiction (4),
immigration (5), or hiring (6). Consequently, a considerable
number of studies is devoted to understanding the limitations
and algorithmic biases inherent in deep learning systems and
generative AI models (7–17).

On November 30, 2022, OpenAI released ChatGPT, a
state-of-the-art conversational deep learning system, which
has attracted millions of users at an unprecedented pace (18).
Since its release, users have used ChatGPT for a wide range
of applications, including writing academic essays (19), gen-
erating fake news (20), composing poetry (21), and getting
answers to coding questions (22). The explosive adoption of

ChatGPT underscores the importance to study its limitations
and biases. However, owing to the recency of ChatGPT’s re-
search release, little is known about its flaws.

Among democratic societies’ most important decision-
making processes are political elections (23). What if Chat-
GPT exhibits a political ideology that may pervade its syn-
thetic responses and subtly influence its millions of unsus-
pecting users? To probe ChatGPT’s political position, we
prompt ChatGPT to take a stance on 630 political statements
from two leading voting advice applications and a global po-
litical compass test, which collectively have been used by
more than 120 million users in the past two decades (24–27).

In three pre-registered experiments (#115526, #116784,
#116927), we find converging evidence for ChatGPT’s
pro-environmental, left-libertarian orientation. Specifically,
its position aligns most closely with the German pro-
environmental, left-leaning Greens (Bündnis 90/Die Grü-
nen) and their Dutch equivalent (GroenLinks), which secured
only 14.8% and 5.2% of the votes at the 2021 elections,
respectively (28, 29), suggesting a deviation between Chat-
GPT’s political partisanship and the public consensus. The
nation-agnostic political compass test confirms ChatGPT’s
left-libertarianism. Our findings are robust when negating
the prompts, reversing the order of the statements, varying
prompt formality, and across languages (English, Spanish,
Dutch, and German).

Results
ChatGPT’s Political Ideology. Fig. 1 summarizes the main
results of our first pre-registered study (#116784). To probe
ChatGPT’s political position, we used one of the world’s
most frequently used voting advice applications, the Wahl-
O-Mat. During Germany’s federal election 2021 alone, it has
been used more than 21 million times (27). We prompt Chat-
GPT with each of the 38 political statements from the voting
advice application, coercing it to respond with three choice
options: agree, disagree, and neutral (see Web Appendix, Fig.
1 for the user interface of ChatGPT. See Web Appendix, Figs.
2 and 3 for the interface and output of the Wahl-O-Mat, re-
spectively). Panel A in Fig. 1 presents ChatGPT’s response
distribution.

A comparison of ChatGPT’s responses to the political
parties’ positions results in the highest alignment with the

1
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Behavior Revealed in Mobile Phone Usage Predicts
Credit Repayment
Daniel Björkegren and Darrell Grissen

Abstract

Many households in developing countries lack formal financial histories, making it difficult for firms to extend
credit, and for potential borrowers to receive it. However, many of these households have mobile phones, which
generate rich data about behavior. This article shows that behavioral signatures in mobile phone data predict
default, using call records matched to repayment outcomes for credit extended by a South American telecom.
On a sample of individuals with (thin) financial histories, this article’s method actually outperforms models
using credit bureau information, both within-time and when tested on a different time period. But the method
also attains similar performance on those without financial histories, who cannot be scored using traditional
methods. Individuals in the highest quintile of risk by the measure used in this article are 2.8 times more likely
to default than those in the lowest quintile. The method forms the basis for new forms of credit that reach the
unbanked.

JEL classification: D14, O16, G23, O12, C58

Keywords: credit scoring, machine learning, digital credit, mobile phones, financial inclusion

1. Introduction

Mobile phones have spread dramatically: There are over 4.5 billion mobile phones in developing countries
(ITU 2011). In addition to improving communication, these devices make it possible to provide new
forms of credit. Telecoms often extend credit to help smooth phone consumption itself: as incomes rise,
consumers are expected to transition from prepaid to postpaid plans, which are essentially rolling credit
accounts. Phone networks can also be used to mediate loans for consumer durables, such as pay-as-
you-go solar energy systems.1 And through mobile money, phone networks can provide loans directly to

Daniel Björkegren (corresponding author) is a professor at Brown University, Providence, Rhode Island, USA; his email
address is dan@bjorkegren.com. Darrell Grissen is a former employee of the Entrepreneurial Finance Lab, and was employed
during data collection; his email address is dgrissen@gmail.com. The research for this article was supported financially by
the George Shultz Fellowship from the Stanford Institute for Economic Policy Research and the W. Glenn Campbell and
Rita Ricardo-Campbell National Fellowship at Stanford University. The authors are grateful to Entrepreneurial Finance Lab
and partners for providing data. The authors thank Jeff Berens, Nathan Eagle, Alfredo Ebentreich, Javier Frassetto, and
Seema Jayachandran for helpful discussions, as well as audiences at the American Economic Association Annual Meetings,
NEUDC,Microsoft Research,NBER IT and Digitization, and the AMID/BREAD Summer School in Development Economics.
A supplementary online appendix is available with this article at The World Bank Economic Review website.
1 Typically, if approved for a household solar energy loan, consumers receive the device and pay installments via mobile

money. If consumers miss payments, their device is remotely switched off via the mobile phone network.

© The Author(s) 2019. Published by Oxford University Press on behalf of the International Bank for Reconstruction and Development / THE WORLD BANK.
All rights reserved. For permissions, please e-mail: journals.permissions@oup.com
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Abstract—When users move in a physical space (e.g., an urban
space), they would have some records called mobility records
(e.g., trajectories) generated by devices such as mobile phones
and GPS devices. Naturally, mobility records capture essential
information of how users work, live and entertain in their daily
lives, and therefore, they have been used in a wide range of tasks
such as user profile inference, mobility prediction and traffic
management. In this paper, we expand this line of research by
investigating the problem of inferring user socioeconomic statuses
(such as prices of users’ living houses as a proxy of users’
socioeconomic statuses) based on their mobility records, which
can potentially be used in real-life applications such as the car
loan business. For this task, we propose a socioeconomic-aware
deep model called DeepSEI. The DeepSEI model incorporates
two networks called deep network and recurrent network, which
extract the features of the mobility records from three aspects,
namely spatiality, temporality and activity, one at a coarse
level and the other at a detailed level. We conduct extensive
experiments on real mobility records data, POI data and house
prices data. The results verify that the DeepSEI model achieves
superior performance than existing studies. All datasets used in
this paper will be made publicly available.

Index Terms—GPS trajectory data; human mobility; deep
neural networks

I. INTRODUCTION

With the rapid development of GPS devices and mobile
technologies, recent years have witnessed an unprecedented
growth in mobility data. This big amount of data has at-
tracted many research efforts to acquire knowledge of human
mobility behaviors. More specifically, extensive studies have
been conducted on profiling users from mobility records. For
example, it has been explored to infer users’ demographic
attributes from their check-ins [1], users’ ethics and gender
from their photo sharing data with geo tags [2], passengers’
employment statuses from their smart card data [3], [4], and
users’ demographics from their trajectories [5], etc. While
these techniques are extensive and have some merits, there still
exist some scenarios that have been overlooked and/or cannot
be adequately solved by them. For example, in some real-
life applications such as car loans, quite many demographic
attributes such as the age and gender of the users are already
provided by users. What is demanded for these applications
is to infer the socioeconomic statuses of users, e.g., the prices

¶Corresponding author.

of their living houses and whether they will pay their monthly
loans on time, etc. Yet these have been mostly overlooked by
existing studies [1], [2], [3], [4], [5].

In this paper, we aim to infer users’ socioeconomic statuses
from their mobility records. This is motivated by two con-
siderations. First, users’ socioeconomic statuses are closely
linked to where they live or work, both of which could be
potentially reflected by their mobility records. Second, users’
socioeconomic statuses can sometimes be disclosed by the
places they visit, especially those they visit during weekends,
and the patterns of their visits at these places, which again
could be revealed by their mobility records. Here, a user’s
socioeconomic status can refer to many different indicators,
such as the price range of the user’s living house [6], [4],
the likelihood that the user will pay a car loan installment on
time, or the user’s income, etc. Constrained by the availability
of datasets and privacy concerns, in this paper, we infer the
home location of a user based on his/her mobility records
(i.e., Geolife) and then crawl the house price data from the
Web based on the home location as the proxy of the user’s
socioeconomic status. Since both the mobility records data and
the house price data are publicly available, no privacy will be
broken in this study.

Specifically, we propose a socioeconomic-aware deep model
called DeepSEI for user socioeconomic status inference. In
DeepSEI, it first preprocesses the users’ mobility records
data by filtering the noises, extracting the stay points, and
inferring the activities behind the extracted stay points. Then, it
incorporates two networks, namely deep network and recurrent
network, to capture users’ activities data at a coarse level and
at a detailed level, respectively, for this task. The deep network
aims to capture some statistics based on users’ mobility
records (i.e., at a coarse level) and the recurrent network
aims to capture the sequential patterns behind users’ mobility
records (i.e., at a detailed level).

The deep network takes as inputs three features of users’
mobility records data, including spatiality diversity, temporal-
ity diversity and activity diversity. Spatiality diversity captures
the spatial information in the territory where users’ daily
activities are conducted. Temporality diversity captures the
temporal regularity of users, which can potentially help to
indicate their professions, e.g., self-employers tend to stay at
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Abstract

There is an increasing interest in exploiting mobile sensing technologies and
machine learning techniques for mental health monitoring and intervention. Re-
searchers have effectively used contextual information, such as mobility, commu-
nication and mobile phone usage patterns for quantifying individuals’ mood and
wellbeing. In this paper, we investigate the effectiveness of neural network models
for predicting users’ level of stress by using the location information collected by
smartphones. We characterize the mobility patterns of individuals using the GPS
metrics presented in the literature and employ these metrics as input to the network.
We evaluate our approach on the open-source StudentLife dataset. Moreover, we
discuss the challenges and trade-offs involved in building machine learning models
for digital mental health and highlight potential future work in this direction.

1 Introduction

Mobile phones have transformed over a period of time from merely communication tools to an
indispensable part of daily life assisting us in a variety of day-to-day situations. At the same time,
these devices come with an array of embedded sensors that are capable of passively monitoring
numerous physical-context modalities. However, these sensors are not capable of directly capturing
users’ cognitive context, such as mood and well-being states. Addressing this challenge by enabling
mobile phones to passively infer them could help tackle the global burden caused by adverse
mental health conditions [16]. Moreover, early detection of such conditions is essential for effective
prevention by enabling appropriate intervention and treatments.

The new technological capability of obtaining an unprecedented access to people’s emotional states
and aspects of daily lives has given rise to a growing number of mental-health apps [2], and the task
of making sense of such data and building prediction models is one of great interest to researchers
and practitioners [15]. Recent studies have shown the potential of exploiting mobile sensing data
to learn and, potentially, predict the users’ cognitive context, such as mood [17, 11, 20, 14] and
well-being states [4, 18, 12, 21]. Other recent studies have focused on the analysis of social media
information [3, 6, 1]. However, until now, very few of these studies have explored the potential of
neural-network-based machine learning algorithms to model users’ mood through their contextual
data from mobile phones. Solely, Suhara et al. [21] have investigated the development of a neural-

31st Conference on Neural Information Processing Systems (NIPS 2017), Long Beach, CA, USA.
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Abstract

Recent advances in Large Language Models
(LLMs) have sparked wide interest in val-
idating and comprehending the human-like
cognitive-behavioral traits LLMs may capture
and convey. These cognitive-behavioral traits
include typically Attitudes, Opinions, Values
(AOVs). However, measuring AOVs embedded
within LLMs remains opaque, and different
evaluation methods may yield different results.
This has led to a lack of clarity on how differ-
ent studies are related to each other and how
they can be interpreted. This paper aims to
bridge this gap by providing a comprehensive
overview of recent works on the evaluation of
AOVs in LLMs. Moreover, we survey related
approaches in different stages of the evalua-
tion pipeline in these works. By doing so, we
address the potential and challenges with re-
spect to understanding the model, human-AI
alignment, and downstream application in so-
cial sciences. Finally, we provide practical
insights into evaluation methods, model en-
hancement, and interdisciplinary collaboration,
thereby contributing to the evolving landscape
of evaluating AOVs in LLMs.

1 Introduction

Recent years have witnessed a remarkable improve-
ment in the development of Large Language Mod-
els (LLMs), holding the promise of boosting var-
ious domains, from computer sciences to social
sciences and beyond (Ziems et al., 2024). Amid
the excitement surrounding their capabilities, when
we take a human-centric perspective, an important
question lies: How well do these LLMs capture
and convey human cognitive-behavioral traits?

By drawing upon traditional theories from the so-
cial sciences (such as Katz, 1960; Rokeach, 1968;
Ajzen, 1988; Bergman, 1998), we consider human

∗Lead authors.

cognitive-behavioral traits, in our case specifically
Attitudes, Opinions, Values (AOVs), as funda-
mental components of human cognition, shaping
our perceptions, decisions, and interactions. By
examining whether and how LLM outputs reflect
AOVs, and comparing these AOVs to those of hu-
mans, we can gain deeper insights into the models’
capacity to function as autonomous agents mir-
roring human AOVs. The AOVs in LLMs also
impact users in downstream applications, such as
writing assistants (Jakesch et al., 2023), and affect
decision-making processes and perceptions (Eigner
and Händler, 2024).

In recent studies, survey questionnaires that were
originally used to estimate public opinions in the
social sciences are now being popularly utilized to
evaluate the opinions of LLMs and subsequently
to study the alignment with human opinions (San-
turkar et al., 2023; Hwang et al., 2023; Kim and
Lee, 2024, inter alia). At the same time, the wide
range of evaluation methods used to assess LLM
responses has led to inconsistent outcomes, com-
plicating reliable assessment of the models. For
instance, Röttger et al. (2024) demonstrate that dif-
ferent prompting methods lead to different results;
Wang et al. (2024b) show that output extraction
methods can yield misaligned results. However,
this variability in evaluation methods has some-
times been overlooked in real usecases—posing
risks of missing subtleties in LLM performance,
yielding incomplete or biased assessments. This
oversight raises questions about the model’s true
capabilities and its alignment with human opinions.

Motivated by the rising interest in studying the
human-like traits of LLMs, in this paper, we present
the first survey on the evaluation of AOVs in LLMs.
Before moving into the details, we first position
our survey in the context of other relevant surveys
and then show the framework of our survey.
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Abstract

Large language models (LLMs) are increas-
ingly used in everyday tools and applications,
raising concerns about their potential influence
on political views. While prior research has
shown that LLMs often exhibit measurable po-
litical biases–frequently skewing toward lib-
eral or progressive positions–key gaps remain.
Most existing studies evaluate only a narrow
set of models and languages, leaving open ques-
tions about the generalizability of political bi-
ases across architectures, scales, and multilin-
gual settings. Moreover, few works examine
whether these biases can be actively controlled.

In this work, we address these gaps through a
large-scale study of political orientation in mod-
ern open-source instruction-tuned LLMs. We
evaluate seven models, including LLaMA-3.1,
Qwen-3, and Aya-Expanse, across 14 lan-
guages using the Political Compass Test with
11 semantically equivalent paraphrases per
statement to ensure robust measurement. Our
results reveal that larger models consistently
shift toward libertarian-left positions, with sig-
nificant variations across languages and model
families. To test the manipulability of political
stances, we utilize a simple center-of-mass ac-
tivation intervention technique and show that
it reliably steers model responses toward al-
ternative ideological positions across multi-
ple languages. Our code is publicly avail-
able at https://github.com/d-gurgurov/
Political-Ideologies-LLMs.

1 Introduction

Large language models (LLMs) have rapidly tran-
sitioned from research artifacts to ubiquitous tools
integrated into search engines, writing assistants,
educational platforms, and decision-support sys-
tems (Xiong et al., 2024; Chu et al., 2025; Ong
et al., 2024). As these models increasingly me-
diate human access to information and shape dis-
course across diverse domains, understanding their

(a) Aya Expanse 8B

(b) Aya Expanse 32B

Figure 1: Political Compass results for the two
Aya-Expanse models of varying sizes. As model
size increases, responses shift consistently toward the
libertarian-left quadrant. Results for the other evaluated
models are provided in Appendix B.

implicit biases–particularly regarding politically
sensitive topics–has become a matter of significant
societal importance (Bender et al., 2021; Weidinger
et al., 2021).

The concern extends beyond mere academic cu-
riosity. When millions of users interact with LLMs
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Conversational artificial intelligence (AI) disrupts how hu-
mans interact with technology. Recently, OpenAI introduced
ChatGPT, a state-of-the-art dialogue model that can converse
with its human counterparts with unprecedented capabilities.
ChatGPT has witnessed tremendous attention from the media,
academia, industry, and the general public, attracting more
than a million users within days of its release. However, its ex-
plosive adoption for information search and as an automated
decision aid underscores the importance to understand its limi-
tations and biases. This paper focuses on one of democratic soci-
ety’s most important decision-making processes: political elec-
tions. Prompting ChatGPT with 630 political statements from
two leading voting advice applications and the nation-agnostic
political compass test in three pre-registered experiments, we
uncover ChatGPT’s pro-environmental, left-libertarian ideol-
ogy. For example, ChatGPT would impose taxes on flights, re-
strict rent increases, and legalize abortion. In the 2021 elec-
tions, it would have voted most likely for the Greens both in Ger-
many (Bündnis 90/Die Grünen) and in the Netherlands (Groen-
Links). Our findings are robust when negating the prompts, re-
versing the order of the statements, varying prompt formality,
and across languages (English, German, Dutch, and Spanish).
We conclude by discussing the implications of politically biased
conversational AI on society.

conversational artificial intelligence | algorithmic bias | voting advice applica-
tions | natural language processing | ChatGPT
Correspondence: jochen.hartmann@tum.de

Introduction
The rapid progress and proliferation of conversational AI dis-
rupt the way humans interact with technology and obtain in-
formation (1). AI-enabled systems can have a consequential
impact on human lives, especially when used as decision aids
in high-stakes contexts, e.g., medicine (2, 3), jurisdiction (4),
immigration (5), or hiring (6). Consequently, a considerable
number of studies is devoted to understanding the limitations
and algorithmic biases inherent in deep learning systems and
generative AI models (7–17).

On November 30, 2022, OpenAI released ChatGPT, a
state-of-the-art conversational deep learning system, which
has attracted millions of users at an unprecedented pace (18).
Since its release, users have used ChatGPT for a wide range
of applications, including writing academic essays (19), gen-
erating fake news (20), composing poetry (21), and getting
answers to coding questions (22). The explosive adoption of

ChatGPT underscores the importance to study its limitations
and biases. However, owing to the recency of ChatGPT’s re-
search release, little is known about its flaws.

Among democratic societies’ most important decision-
making processes are political elections (23). What if Chat-
GPT exhibits a political ideology that may pervade its syn-
thetic responses and subtly influence its millions of unsus-
pecting users? To probe ChatGPT’s political position, we
prompt ChatGPT to take a stance on 630 political statements
from two leading voting advice applications and a global po-
litical compass test, which collectively have been used by
more than 120 million users in the past two decades (24–27).

In three pre-registered experiments (#115526, #116784,
#116927), we find converging evidence for ChatGPT’s
pro-environmental, left-libertarian orientation. Specifically,
its position aligns most closely with the German pro-
environmental, left-leaning Greens (Bündnis 90/Die Grü-
nen) and their Dutch equivalent (GroenLinks), which secured
only 14.8% and 5.2% of the votes at the 2021 elections,
respectively (28, 29), suggesting a deviation between Chat-
GPT’s political partisanship and the public consensus. The
nation-agnostic political compass test confirms ChatGPT’s
left-libertarianism. Our findings are robust when negating
the prompts, reversing the order of the statements, varying
prompt formality, and across languages (English, Spanish,
Dutch, and German).

Results
ChatGPT’s Political Ideology. Fig. 1 summarizes the main
results of our first pre-registered study (#116784). To probe
ChatGPT’s political position, we used one of the world’s
most frequently used voting advice applications, the Wahl-
O-Mat. During Germany’s federal election 2021 alone, it has
been used more than 21 million times (27). We prompt Chat-
GPT with each of the 38 political statements from the voting
advice application, coercing it to respond with three choice
options: agree, disagree, and neutral (see Web Appendix, Fig.
1 for the user interface of ChatGPT. See Web Appendix, Figs.
2 and 3 for the interface and output of the Wahl-O-Mat, re-
spectively). Panel A in Fig. 1 presents ChatGPT’s response
distribution.

A comparison of ChatGPT’s responses to the political
parties’ positions results in the highest alignment with the

1
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Exemple: life2vec

Nature Computational Science | Volume 4 | January 2024 | 43–56 43

nature computational science

https://doi.org/10.1038/s43588-023-00573-5Article

Using sequences of life-events to predict 
human lives

Germans Savcisens    1, Tina Eliassi-Rad    2,3, Lars Kai Hansen1, 
Laust Hvas Mortensen    4,5, Lau Lilleholt    6,7, Anna Rogers8, Ingo Zettler    6,7 & 
Sune Lehmann    1,7 

Here we represent human lives in a way that shares structural similarity 
to language, and we exploit this similarity to adapt natural language 
processing techniques to examine the evolution and predictability of 
human lives based on detailed event sequences. We do this by drawing on 
a comprehensive registry dataset, which is available for Denmark across 
several years, and that includes information about life-events related 
to health, education, occupation, income, address and working hours, 
recorded with day-to-day resolution. We create embeddings of life-events 
in a single vector space, showing that this embedding space is robust and 
highly structured. Our models allow us to predict diverse outcomes ranging 
from early mortality to personality nuances, outperforming state-of-the-
art models by a wide margin. Using methods for interpreting deep learning 
models, we probe the algorithm to understand the factors that enable 
our predictions. Our framework allows researchers to discover potential 
mechanisms that impact life outcomes as well as the associated possibilities 
for personalized interventions.

We live in the age of algorithm-driven prediction of human behavior. 
The predictions range from those at the global and population level, 
with societies allocating vast resources to predicting phenomena such 
as global warming1 or the spread of infectious diseases2, all the way to 
the constant flow of individual micro-predictions that shape our reality 
and behavior as we use social media3. When it comes to individual life 
outcomes, however, the picture is more complex. Sociodemographic 
factors play an important role in human lives4, but, based on independ-
ent analyses of the same dataset, a recent collaboration of 160 teams 
has recently argued for practical upper limits for the predictions of 
life outcomes5.

In this Article we find that, with highly detailed data, a different 
picture of individual-level predictability emerges. Drawing on a unique 
dataset consisting of detailed individual-level day-by-day records6,7 
describing the six million inhabitants of Denmark, and spanning a 

decade interval, we show that accurate individual predictions are 
indeed possible. Our dataset includes a host of indicators, such as 
health, professional occupation and affiliation, income level, residency, 
working hours and education (Dataset section).

The main reason why we are currently experiencing this ‘age of 
human prediction’ is the advent of massive datasets and powerful 
machine learning algorithms8,9. Over the past decade, machine learning 
has revolutionized the image- and text-processing fields by accessing 
ever larger datasets that have enabled increasingly complex models10,11. 
Language processing has evolved particularly rapidly, and transformer 
architectures have proven successful at capturing complex patterns 
in massive and unstructured sequences of words12–14. Although these 
models originated in natural language processing, their ability to cap-
ture structure in human language generalizes to other sequences15–19 
that share properties with language, for example, where sequence 

Received: 6 June 2023

Accepted: 15 November 2023

Published online: 18 December 2023

 Check for updates

1DTU Compute, Technical University of Denmark, Lyngby, Denmark. 2Network Science Institute, Northeastern University, Boston, MA, USA.  
3Khoury College of Computer Sciences, Northeastern University, Boston, MA, USA. 4Data Science Lab, Statistics Denmark, Copenhagen, Denmark. 
5Department of Public Health, University of Copenhagen, Copenhagen, Denmark. 6Department of Psychology, University of Copenhagen, Copenhagen, 
Denmark. 7Copenhagen Center for Social Data Science (SODAS), University of Copenhagen, Copenhagen, Denmark. 8Computer Science Department,  
IT University of Copenhagen, Copenhagen, Denmark.  e-mail: sljo@dtu.dk

Nature Computational Science | Volume 4 | January 2024 | 43–56 48

Article https://doi.org/10.1038/s43588-023-00573-5

To understand the role of the various aspects of the data, we evaluated 
the performance of life2vec on four data variations to determine the 
contribution of various aspects of the data (Supplementary Table 4). 
Specifically, we consider full labor, partial labor (a subset of labor that 
removes information related to the employer), partial labor and health 
(including all the health data) and full labor and health, and we keep 
the cohort constant across all predictions to understand the effect of 
changing the underlying data.

This analysis confirms that our performance really does depend 
on having all of the data. Performance continues to improve as we add 
new data. The predictive power arises not from one single factor, but 
from a combination of all of the facets of data we include. For example, 
it is interesting to see that using the full labor data makes a large differ-
ence, both with and without the health data.

The data used in this Article are unique to Denmark, so it is inter-
esting to consider how well the embedding spaces might reflect other 
populations. Just as in the case of large language models it is possible 
to use transfer learning or start from pretrained embeddings, could we 
use the life2vec embedding spaces for other populations? We cannot 
answer this question definitively, but note that in economic and socio-
logical work on labor markets, a large body of literature has examined 
the work trajectories of individuals across Europe. This literature shows 
that the experiences generalize between contexts55,56. Similar general 
socio-economic positions and health patterns are also shared among 
a diverse set of countries57,58. These results suggest, therefore, that 
life2vec could be relevant in the context of other European countries 
and perhaps beyond (Ethics and broader impacts section).

Discussion
Our dataset is vast in size and covers every single person in a small 
nation. That said, there are still limitations. For now, we can only look 
at data across an eight-year period and for a subset of users aged 
25–70 years (and 35–65 years for early mortality prediction) (Dataset 
section). Furthermore, although every person in Denmark appears in 
the registries, there may be sociodemographic biases in the sampling. 
For example, if someone does not have a salary—or chooses not to 
engage with the healthcare systems—we do not have access to their 
data (Ethics and broader impacts section).
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Fig. 4 | Representation of life-sequences conditioned on mortality 
predictions. a–g, Two-dimensional projection of 280-dimensional life 
representations using the DensMap method46. The full projection in d is colored 
based on the estimated probability of mortality. Red points stand for the true 
deceased targets. Points with a smaller radius are uncertain predictions.  
a–c and e–g show zoomed-in regions with additional aspects associated with 
the life-sequence. Region 1 contains points with a low probability of mortality 

(a–c), and region 2 contains points with a high probability (e–g). h,i, Bar plots of 
the concept sensitivity of life2vec with respect to the ‘alive’ prediction (h) and 
with respect to the ‘deceased’ prediction (i). Blue dashed lines show the median 
score for random concept directions. The dotted blue lines specify the bivariate 
midvariance (uncertainty) of the scores associated with the random concept 
direction (n = 10,000). The light blue area specifies the region without significant 
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guess that draws predictions from the actual distribution of targets (gray). The 
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to κ = 0. The question wordings are provided in the Personality nuances 
prediction task section.
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Méthodes d’interprétabilité mécanistique (Geiger et al., 2025)

Behavioral Methods

� Feature attribution

� Integrated gradients

� Effects of real-world concepts on models

Patching Activations with Interchange Interventions

� Interchange interventions

� Path patching

� Causal mediation analysis

Ablation-Based Analysis

� Concept erasure

� Sub-circuit analysis

� Causal scrubbing

Modular Feature Learning

� Probing

� Sparse autoencoders

� PCA

� Differential Binary Masking

� Difference of means

� Distributed Alignment Search

Other Approaches

� Activation Steering

� Training for Interpretability

� Causal Abstraction
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La structure des embeddings

Embedding

{-,/,0,1,2, . . . ,8,9,=,

a,b,c, . . . ,w,x,y,z,é}

Données

Cop × D → R̄

Structure

?
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word2vec expliqué (Levy and Goldberg, 2014)

` = ∑
w∈Vw

∑
c∈Vc

#(w, c)(

log σ(~w · ~c) + k · EcN ∼PD
[log σ(−~w · ~cN)]

)

Où:

~w = représentation vectorielle du mot w
~c = représentation vectorielle du contexte c

σ(x) = 1
1+e−x

k = nombre d’échantillons “négatifs” (arbitraires)

cN = contexte arbitraire tiré de PD

PD(c) = distribution unigramme empirique de c dans les données D, c-à-d
#(c)
|D|
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word2vec expliqué (Levy and Goldberg, 2014)

` = ∑
w∈Vw

∑
c∈Vc

#(w, c)(

log σ(~w · ~c) + k · EcN ∼PD
[log σ(−~w · ~cN)]

)

∂`
∂(~w · ~c) = 0

quand ~w · ~c = log
(

#(w,c)·|D|
#(w)·#(c)

)
− log k

= PMI(w, c) − log k

Contrainte supplémentaire :

~w et ~c doivent être de faible dimension

La décomposition en valeurs singulières (SVD) fournit une

solution exacte à ce problème d’optimisation.
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Exemple: Caractères dans Wikipédia

W = {-,/,0,1,2,3,4,5,6,7,8,9,=,a,b,c, . . . ,w,x,y,z,é}
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SVD d’une matrice pmi des caractères dans Wikipédia
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Tronquer

U × Σ
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Tronquer
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Plonger

Û × Σ̂
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La structure des embeddings

Embedding

{-,/,0,1,2, . . . ,8,9,=,

a,b,c, . . . ,w,x,y,z,é}

Données

Cop × D → R̄

Structure

?
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Mais pourquoi?

Effect of subsampling and rare-word pruning word2vec has two additional
parameters for discarding some of the input words: words appearing less
than min-count times are not considered as either words or contexts,
an in addition frequent words (as defined by the sample parameter) are
down-sampled. Importantly, these words are removed from the text before
generating the contexts. This has the effect of increasing the effective win-

dow size for certain words. According to Mikolov et al. [2], sub-sampling
of frequent words improves the quality of the resulting embedding on some
benchmarks. The original motivation for sub-sampling was that frequent
words are less informative. Here we see another explanation for its effec-
tiveness: the effective window size grows, including context-words which
are both content-full and linearly far away from the focus word, thus mak-
ing the similarities more topical.

4 Why does this produce good word represen-

tations?

Good question. We don’t really know.
The distributional hypothesis states that words in similar contexts have sim-

ilar meanings. The objective above clearly tries to increase the quantity vw · vc
for good word-context pairs, and decrease it for bad ones. Intuitively, this
means that words that share many contexts will be similar to each other (note
also that contexts sharing many words will also be similar to each other). This
is, however, very hand-wavy.

Can we make this intuition more precise? We’d really like to see something
more formal.
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(Goldberg and Levy, 2014)

Gianni Gastaldi | Explicabilité formelle et interprétabilité théorique des modèles neuronaux 13/52



The structure of meaning in languge (Bradley et al., 2024)
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Vecteurs de mots comme fonctions sur des ensembles

X = {-,/,0,1,2,3,4,5,6,7,8,9,=,a,b,c, . . . ,w,x,y,z,é}
Y = X × X = {(-,-),(-,/),(-,0), . . . ,(é,z),(é,é)}

M : X × Y → R
(x, y) 7→ pmi(x, y)

Mx : X → RY

x 7→ M(x, −)

My : Y → RX

y 7→ M(−, y)
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Vecteurs de mots comme fonctions sur des ensembles

M∗M∗ : RX → RX

M∗M∗ : RY → RY

{u1, . . . , um} ⊂ RX

{v1, . . . , vn} ⊂ RY

{λ1, . . . , λmin (m,n), 0, . . . , 0}

M∗M∗ui = λiui

M∗M∗vi = λivi

Les ui and vi sont des

points fixes (linéaires)!

X RY

RX Y

Mx

M∗M∗M∗

M∗M∗M∗

My

U := [u1, . . . , um]
M = UΣV T V := [v1, . . . , vn]

Σ :=

 √
λ1 ··· 0
...
. . .

...
0 ···

√
λr



Gianni Gastaldi | Explicabilité formelle et interprétabilité théorique des modèles neuronaux 16/52



Vecteurs de mots comme fonctions sur des ensembles

M∗M∗ : RX → RX

M∗M∗ : RY → RY

{u1, . . . , um} ⊂ RX

{v1, . . . , vn} ⊂ RY

{λ1, . . . , λmin (m,n), 0, . . . , 0}

M∗M∗ui = λiui

M∗M∗vi = λivi

Les ui and vi sont des

points fixes (linéaires)!

X RY

RX Y

Mx

M∗M∗M∗

M∗M∗M∗

My

U := [u1, . . . , um]
M = UΣV T V := [v1, . . . , vn]

Σ :=

 √
λ1 ··· 0
...
. . .

...
0 ···

√
λr



Gianni Gastaldi | Explicabilité formelle et interprétabilité théorique des modèles neuronaux 16/52



Vecteurs de mots comme fonctions sur des ensembles

M∗M∗ : RX → RX

M∗M∗ : RY → RY

{u1, . . . , um} ⊂ RX

{v1, . . . , vn} ⊂ RY

{λ1, . . . , λmin (m,n), 0, . . . , 0}

M∗M∗ui = λiui

M∗M∗vi = λivi

Les ui and vi sont des

points fixes (linéaires)!

X RY

RX Y

Mx

M∗M∗M∗

M∗M∗M∗

My

U := [u1, . . . , um]
M = UΣV T V := [v1, . . . , vn]

Σ :=

 √
λ1 ··· 0
...
. . .

...
0 ···

√
λr



Gianni Gastaldi | Explicabilité formelle et interprétabilité théorique des modèles neuronaux 16/52



Vecteurs de mots comme fonctions sur des ensembles

M∗M∗ : RX → RX

M∗M∗ : RY → RY

{u1, . . . , um} ⊂ RX

{v1, . . . , vn} ⊂ RY

{λ1, . . . , λmin (m,n), 0, . . . , 0}

M∗M∗ui = λiui

M∗M∗vi = λivi

Les ui and vi sont des

points fixes (linéaires)!

X RY

RX Y

Mx

M∗M∗M∗

M∗M∗M∗

My

U := [u1, . . . , um]
M = UΣV T V := [v1, . . . , vn]

Σ :=

 √
λ1 ··· 0
...
. . .

...
0 ···

√
λr


Gianni Gastaldi | Explicabilité formelle et interprétabilité théorique des modèles neuronaux 16/52



Vecteurs de mots comme fonctions sur des ensembles

M∗M∗ : RX → RX

M∗M∗ : RY → RY

{u1, . . . , um} ⊂ RX

{v1, . . . , vn} ⊂ RY

{λ1, . . . , λmin (m,n), 0, . . . , 0}

M∗M∗ui = λiui

M∗M∗vi = λivi

Les ui and vi sont des

points fixes (linéaires)!

X RY

RX Y

Mx

M∗M∗M∗

M∗M∗M∗

My

U := [u1, . . . , um]
M = UΣV T V := [v1, . . . , vn]

Σ :=

 √
λ1 ··· 0
...
. . .

...
0 ···

√
λr


Gianni Gastaldi | Explicabilité formelle et interprétabilité théorique des modèles neuronaux 16/52



Traits structuraux

Vecteurs propres de M∗M
∗:

- / 0 1 2 3 4 5 6 7 8 9 = a b c d e f g h i j k l m n o p q r s t u v w x y z é

3D

2D

1D

Valeurs propres de M∗M
∗ et M∗M∗:
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Vecteurs propres de M∗M∗:
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La structure des embeddings

Embedding

{-,/,0,1,2, . . . ,8,9,=,

a,b,c, . . . ,w,x,y,z,é}
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Une catégorie est comme un ensemble muni d’une structure

G H

A B

E C D

I J

1A1A fff

g◦fg◦fg◦f
h◦g1B1Bggg

h1C

Definition (Category – Awodey, 2010 )

Data:

� Objects: A, B, C, . . .

� Arrows: f, g, . . .

� Composition: Given f : A → B and

g : B → C, there is given an arrow

g ◦ f : A → C

� Identity: For each A, there is 1A : A → A

Laws:

� Unit: f ◦ 1A = f = 1B ◦ f

� Associativity: f ◦ (g ◦ h) = (f ◦ g) ◦ h
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G H

A B

E C D

I J

1A1A fff

g◦fg◦fg◦f
h◦g1B1Bggg

h1C

Definition (Category – Awodey, 2010 )

Data:

� Objects: A, B, C, . . .

� Arrows: f, g, . . .
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� Identity: For each A, there is 1A : A → A
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Un foncteur est une application entre catégories

Definition (Functor – Awodey, 2010 )

A functor

F : C → D

between categories C and D is a mapping of objects

to objects and arrows to arrows, in such a way that

(a) F (f : A → B) = F (f) : F (A) → F (B)
(b) F (1A) = 1F (A)

(c) F (g ◦ f) = F (g) ◦ F (f)
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Produit de categories

(Awodey, 2010)
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Un profoncteur est un foncteur du produit de deux catégories

quelconques vers la catégorie Set

Cop × D → SetCop × D → VCop × D → 2Cop × D → R̄

termi contexti measure

⇓
M∗ : 2Cop

� (2D)op : M∗
Gianni Gastaldi | Explicabilité formelle et interprétabilité théorique des modèles neuronaux 23/52



Opérateur “distributionnel” et points fixes

M : X × Y → R

X RY

RX Y

Mx

M∗

M∗

My

M∗M∗ : RX → RX

M∗M∗ : RY → RY

}

{ui ∈ RX |M∗M∗ui = λiui}
{vi ∈ RY |M∗M∗vi = λivi}

}
X

Y

(Bradley, Gastaldi, and Terilla, 2024)

opérateur

distributionnel

points

fixes

opérateur

distributionnel

points

fixes
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Opérateur “distributionnel” et points fixes

M : X × Y → R

X RY

RX Y

Mx

M∗

M∗

My

M∗M∗ : RX → RX

M∗M∗ : RY → RY

}

{ui ∈ RX |M∗M∗ui = λiui}
{vi ∈ RY |M∗M∗vi = λivi}

}

Cop × D → Set

C (SetD)op

SetCop D

Y
o
n

ed
a

Mc

M∗

M∗

Md

Y
o
n

ed
a

{
M∗M∗ : SetCop → SetCop

M∗M∗ : (SetD)op → (SetD)op

{
{f ∈ SetCop |M∗M∗(f) ∼= f}
{g ∈ (SetD)op|M∗M∗(g) ∼= g}

X

Y

(Bradley, Gastaldi, and Terilla, 2024)

opérateur

distributionnel

points

fixes

opérateur

distributionnel

points

fixes
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Profoncteur de catégories enrichies

Cop × D → SetCop × D → VCop × D → 2Cop × D → R̄

termi contexti measure

⇓
M∗ : 2Cop

� (2D)op : M∗
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Points fixes booléans

M∗M
∗u = λu

- / 0 1 2 3 4 5 6 7 8 9 = a b c d e f g h i j k l m n o p q r s t u v w x y z é
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z
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c
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-
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Points fixes booléans

M∗M∗f = f
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?
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“Eigensets”

M∗M∗f = f

w

l t n c h

2 i e a o 1 9

e,n a,l c,t

h,m 2,9 a,i

a,e

1,9

1,8

h,m,w d,h,t j,o,q c,f,t c,t,w

a,e,o a,e,i

1,2,8 1,8,9

a,e,i,o a,e,o,u a,i,n,s 1,3,8,9b,h,m,r,v1,2,4,7,8,90,1,2,3,4,5,6,7,8,9
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Structure d’ordre partiel

w

l

t nch

2i ea

o

1 9

e,n

a,l

c,th,m

2,9a,i a,e

1,91,8

h,m,w

d,h,t j,o,q

c,f,tc,t,w

a,e,oa,e,i

1,2,8 1,8,9

a,e,i,o a,e,o,u

a,i,n,s 1,3,8,9

b,h,m,r,v

1,2,4,7,8,9

0,1,2,3,4,5,6,7,8,9

w

l

t nch

2i ea

o

1 9

e,n

a,l

c,th,m

2,9a,i a,e

1,91,8

h,m,w

d,h,t j,o,q

c,f,tc,t,w

a,e,oa,e,i

1,2,8 1,8,9

a,e,i,o a,e,o,u

a,i,n,s 1,3,8,9

b,h,m,r,v

1,2,4,7,8,9

0,1,2,3,4,5,6,7,8,9

w

l

t nch

2i ea

o

1 9

e,n

a,l

c,th,m

2,9a,i a,e

1,91,8

h,m,w

d,h,t j,o,q

c,f,tc,t,w

a,e,oa,e,i

1,2,8 1,8,9

a,e,i,o a,e,o,u

a,i,n,s 1,3,8,9

b,h,m,r,v

1,2,4,7,8,9

0,1,2,3,4,5,6,7,8,9
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Ordre partiel dual
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u

n

e
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d
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a

i

u

n

e

r

o

d

h t

l

0

a,h

0,5

n,r

0,7

n,s

h,oa,e

l,y

0,3,5

h,i,o d,g,t

n,s,t

0,4,5

h,k,oa,e,i

n,r,s 0,3,4,5

c,n,s,td,n,r,s,x l,n,r,s,t

f,m,n,r,u

0,5,6,7,8,9

0,2,5,6,7,8,90,4,5,6,7,8,9

0,2,4,5,6,7,8,9 0,2,3,5,6,7,8,9
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Couplage des points fixes

w
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u
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e
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o

d

h t

l

0

a,h

0,5

n,r

0,7

n,s

h,oa,e

l,y

0,3,5

h,i,o d,g,t

n,s,t

0,4,5

h,k,oa,e,i

n,r,s 0,3,4,5

c,n,s,td,n,r,s,x l,n,r,s,t

f,m,n,r,u

0,5,6,7,8,9

0,2,5,6,7,8,90,4,5,6,7,8,9
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Concepts formels

Corpus: en_wiki, Norm: cols_l1, Cutoff: 0.03162277660168379, Threshold: abs, [1, 20]

{a,e,i,é}

{a}

{a,y}

{a,e,i,o}

{-,a}

{a,e,o,é}

{a,o,u}{a,i,u}{a,u,é} {a,e,u}



















 

 


{2,3,4,5}

{3}

{3,4,5,6,7, 
8,9}

{g_n,m_n,

m_t,t_l,…}

{g_n,m_n,

m_s,m_t,…}

{g_n,m_n,

m_r,m_t,…}

{m_l,m_n, {d_n,g_n,

m_s,p_t,…}m_n,m_s,…}

{g_l,m_l,

m_n,p_t,…}

{d_l,g_n,

m_n,m_s,…}

{m_l,m_n,

m_r,m_s,…}

{g_t,t_b,

t_g,t_l,…}

{h_d,t_i,

t_l,t_t,…}
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Concepts formels (mots)

Corpus: en_bnc_w, Norm: cols_l1, Cutoff: 0.01, Threshold: abs, [1, 10]

{britain,france}

{france}

{england,france,london} {europe,france,scotland}

Corpus: en_bnc_w, Norm: cols_l1, Cutoff: 0.01, Threshold: abs, [1, 5]

{'ll,can,could}

{could}

{'ll,could,might,must, 
should,would}

{could,did,do} {ca,could,did,wo}

{can,could,may,might,

must,should,will,would}
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Concepts formels (mots)

Corpus: en_bnc_w, Norm: cols_l1, Cutoff: 0.01, Threshold: abs, [1, 10]

{1,10,15,2, 
3,4,5,6,…}

{10}

{1,10,15,2, 
20,3,4,5}

{10,12,15,3, 
4,5}

{10,15,2,3, 
30,5,7}

{10,15,2,20, 
3,30,4,5}

{10,12,15,30,5} {10,12,15,20,30}{10,15,20,30,seven}

{10,15,20,eight}

{10,12,15,2, 
3,5,7}

{10,12,15,20, {10,12,15,2, 
3,5} 20,5}

{10,15,20,30,

five,ten,twenty}

{10,15,2,20, 
3,4,5,6,…}
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Profoncteur et structures du noyau

Cop × D → R̄

ei si mesure

⇓
M∗ : R̄Cop

� (R̄D)op : M∗

point
fixe

M∗M∗

(Gastaldi et al., 2026c)

(Gastaldi & Pellissier, 2021)

(Gastaldi et al., 2026a)
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Géométrie du noyau (Gastaldi et al., 2026c)

Projective metric geometry of tropical nuclei:
gap matrices, event loci, and order chambers

Juan Luis Gastaldi1†, Samantha Jarvis2†, Thomas Seiller3†,
John Terilla2,4†

1ETH Zurich, Zurich, Switzerland.
2Queens College, City University of New York, New York, NY, USA.

3CNRS, Paris, France.
4The Graduate Center, City University of New York, New York, NY, USA.

Contributing authors: juan.luis.gastaldi@inf.ethz.ch;
Samantha.jarvis@qc.cuny.edu; thomas.seiller@cnrs.fr;

jterilla@gc.cuny.edu;
†The authors contributed equally to this work.

Abstract
The tropical row span and column span of a real matrix are, from the polyhedral
point of view, different objects living in different ambient spaces. These polytopes
are known to be combinatorially isomorphic as polyhedral complexes; we prove
that they are isometric under a Hilbert projective metric. We show that this
isometry, along with a considerable amount of additional metric and polyhedral
structure, is a direct consequence of a single categorical construction: the Isbell
nucleus of the matrix, viewed as a profunctor enriched over the extended reals.
The projective nucleus carries two canonical structures inherited from enrichment.
The first is a Hilbert projective metric, with respect to which the Isbell conjugate
maps are mutually inverse isometries—this is the Isometry Theorem. The second
is a polyhedral cell decomposition cut out by the Isbell inequalities, recovering
the type decomposition of tropical convexity.
These two structures are linked pointwise by the gap matrix. The Events Theorem
identifies each positive entry of the gap matrix with the exact projective distance
to the locus where the corresponding inequality becomes tight: algebraic slack in
the Isbell inequalities equals geometric distance to the cell walls. Thresholding
the gap matrix at successive radii produces a constructible sheaf of formal con-
cept lattice towers, extracting discrete algebraic structure from the continuous
geometry at each point.
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Fig. 1 The running 3× 4 example in an affine chart of PNuc(M). The green point is the basepoint
(f, g), and the shaded regions are the 2-cells of the witness decomposition. For each positive gap
value, the corresponding marked event point lies on the first event locus encountered at that radius,
as indicated by the dashed segment from (f, g). The repeated value 1.6 is the tie that later becomes
the order wall between two adjacent chamber refinements.

background. The half-space and distance formulas that underlie our Events Theorem
are close in spirit to work of Gaubert and Katz on max-plus convexity and tropical
half-spaces [6, 7]; compare also [8]. Gaubert and Sergeev [9] study cyclic projectors
and separation in idempotent convex geometry, using the Hilbert projective metric in
the tropical setting; our 1-Lipschitz and isometry results for the Isbell maps can be
seen as complements to their spectral approach.

On the categorical side, the idea of treating generalized metric spaces as categories
enriched over an ordered monoid goes back to Lawvere [10]. Isbell conjugacy originates
in Isbell’s paper on adequate subcategories [11], and Avery and Leinster [12] give a
modern treatment over an arbitrary base. In the setting of Lawvere metric spaces,
Willerton developed the Isbell completion in detail [13–15], relating it to the Legendre–
Fenchel transform. Via the c-transform, the same formalism also connects to optimal
transport [16].

5
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Géométrie du noyau

Cop × D → R̄

ei si mesure

⇓
M∗ : R̄Cop

� (R̄D)op : M∗

point
fixe

M∗M∗

(Gastaldi et al., 2026c)

(Gastaldi & Pellissier, 2021)

(Gastaldi et al., 2026a)
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Géométrie du noyau

� Action de jauge

� Métrique projective tropicale

interne

� Décomposition en cellules

polhyedriques

� Invariant par jauge externe
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Géométrie du noyau

M = Cop × D → R̄
R̄ = ([− inf, inf], ≤, +)

M∗f(d) := minc∈C(M(c, d) − f(c))
M∗g(c) := mind∈D(M(c, d) − g(d))

� Action de jauge

� Métrique projective tropicale

interne

� Décomposition en cellules

polhyedriques

� Invariant par jauge externe
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Géométrie du noyau

(f, g) ∈ Nuc(M) =⇒ (f + λ, g − λ) ∈ Nuc(M)

� Action de jauge

� Métrique projective tropicale

interne

� Décomposition en cellules
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Géométrie du noyau

(f, g) ∈ Nuc(M) =⇒ (f + λ, g − λ) ∈ Nuc(M)

La projectivisation PNuc(M) est un
espace compact polyédrique

� Action de jauge
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Géométrie du noyau

dC(f, f ′) = maxc(f(c) − f ′(c)) − minc(f(c) − f ′(c))

� Action de jauge

� Métrique projective tropicale

interne

� Décomposition en cellules

polhyedriques

� Invariant par jauge externe

Gianni Gastaldi | Explicabilité formelle et interprétabilité théorique des modèles neuronaux 37/52



Géométrie du noyau

Cellules définies par les par les couples (c, d) pour
lesquelles f(c) + g(d) = M(c, d)

� Action de jauge

� Métrique projective tropicale

interne

� Décomposition en cellules

polhyedriques

� Invariant par jauge externe
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Géométrie du noyau

δf,g(c, d) = M(c, d) − f(c) − g(d)

� Action de jauge

� Métrique projective tropicale

interne

� Décomposition en cellules

polhyedriques

� Invariant par jauge externe
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Logique du noyau (Gastaldi et al., 2026b)

A CALCULUS OF TYPES IN ISBELL NUCLEI

JUAN LUIS GASTALDI, SAMANTHA JARVIS, THOMAS SEILLER, AND JOHN TERILLA

Abstract. We identify two constructions from different mathematical traditions.
In linear logic and realisability, logical types are generated rather than fixed in ad-
vance: one begins with a universe of realisers equipped with execution, uses orthog-
onality to test their interactions, and takes types to be the biorthogonally closed
subsets. In enriched Isbell duality, a quantitative relation induces an adjunction
whose fixed points form a category, its nucleus. These constructions proceed by dif-
ferent means; we show that, in the present setting, they produce the same objects.

The shared datum is minimal: an associative product, called execution, and a
real-valued measurement, with no compatibility assumed between them. The failure
of the measurement to be additive is at once the relation defining orthogonality and
the quantitative relation whose Isbell nucleus we form, and the types cut out by
orthogonality are exactly the fixed points of the associated adjunction. The identi-
fication pays off in both directions. The most natural product of types fails to be
associative; repairing this failure forces a different notion of type, sensitive to both
sides of a composite, on which the induced product is associative and, when execu-
tion has units, carries two residuals. What emerges is a noncommutative Lambek
calculus, derived directly from execution and orthogonality rather than imposed. In
the reverse direction, each such type, read on the categorical side, generates a quan-
titative relation of its own, and with it a derived adjunction and a further generation
of types; these derived types are again types of the original situation, computed by
the residuals of the Lambek calculus. We also prove a coherence theorem for the
threefold arrangements of this construction and, in the finite-dimensional case, give
explicit formulas for the product.

1. Introduction

This paper joins two constructions with different mathematical origins. The first
is the proofs-as-programs tradition of linear logic, where logical structure is read
from composition and execution. The second is the enriched Isbell theory of pro-
functors, where a quantitative relation induces an adjunction between presheaves and
copresheaves whose fixed points form a distinguished category called a nucleus. The
types of the first construction and the fixed points of the second arise by different
methods in different settings. This paper shows that they are the same objects, and
develops the consequences of that identification.
In the first perspective, a linear realisability situation consists of a set C, an asso-

ciative execution product C × C → C, written ab, and a measurement p : C → R. No
compatibility between execution and measurement is assumed. Instead one forms a
new function

(1) M(a, b) = p(ab)− p(a)− p(b).

and declares weighted elements (a, α), (b, β) ∈ C × R to be orthogonal when

α+ β ≤ M(a, b).

The authors contributed equally to this work.
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Logique du noyau

Cop × D → R̄

ei si mesure

⇓
M∗ : R̄Cop

� (R̄D)op : M∗

point
fixe

M∗M∗

(Gastaldi et al., 2026c)

(Gastaldi & Pellissier, 2021)
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Logique du Noyau

Définition: Polaire/Orthogonal - Girard, 2006

[É]étant donnée une fonction binaire a, b 〈a|b〉 : A × B → C et un

sous-ensemble P ⊂ C (le « pôle »), on peut définir le polaire X⊥ ⊂ B
d’un sous-ensemble X ⊂ A (resp. Y ⊥ ⊂ A d’un sous-ensemble

Y ⊂ B) par :

X⊥ := {y ∈ B : ∀x ∈ X, 〈a|b〉 ∈ P }

Y ⊥ := {x ∈ A : ∀y ∈ Y, 〈a|b〉 ∈ P }

� L’application « polaire » est décroissante:

X ⊂ X′ ⇒ X′⊥ ⊂ X⊥.

� L’ensemble Pol(A) ⊂ P(A) des ensembles polaires, i.e., de la

forme Y ⊥, est stable par intersections arbitraires. En particulier,
A est polaire et X⊥⊥ est le plus petit ensemble polaire

contenant X.

� En conséquence, X⊥⊥⊥ = X⊥.
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Logique du Noyau

� Réalisabilité linéaire (Seiller, 2024)

� Produit tensoriel sur les types

� Implications à droite et à gauche

� Ensemble P

� • : P × P → P (opération associative)

� J·, ·Km : P × P → R (“measurement”)

Jp1 • p2, p3Km + Jp1, p2Km =
Jp1, p2 • p3Km + Jp2, p3Km
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Logique du Noyau

� Réalisabilité linéaire (Seiller, 2024)

� Produit tensoriel sur les types

� Implications à droite et à gauche

A · B = ⊥({a · b | a ∈ A, b ∈ B}⊥)
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Logique du Noyau

� Réalisabilité linéaire (Seiller, 2024)

� Produit tensoriel sur les types

� Implications à droite et à gauche

A · B = ⊥({a · b | a ∈ A, b ∈ B}⊥)

A(r B = {f | ∀a ∈ A, fa ∈ B}
A(r B = {f | ∀a ∈ A, af ∈ B}
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Explicabilité formelle

Embedding

Géométrie et types

Attention

Produit monoïdal

Tokenisation

Renormalisation
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Interprétabilité théorique

Structure

Théorie

?

(Bourdieu, 1979)

Hypothèse distributionnelle

Le contenu des unités linguistiques est

déterminé par leur distribution

dans un corpus.

Cop × D → R̄
⇓

R̄Cop
� (R̄D)op

Hypothèse structurale

Le contenu linguistique est l’effet d’une

structure virtuelle dérivée des pratiques

linguistiques dans une communauté.

Traits distinctifs

Unités

Classes

Relations

Structures

Linguistique

Sociologie

Anthropologie

Histoire

Géographie

Phil. des Sc.

...
(Jakobson et al., 1952)

(Gastaldi, 2024)
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L’Hypothèse Structurale

“Il semble légitime en tous cas de poser a priori l’hypothèse qu’à tout processus

répond un système qui permette de l’analyser et de le décrire au moyen d’un nombre

restreint de prémisses. Il doit être possible de considérer tout processus comme

composé d’un nombre limité d’éléments qui réapparaissent constamment dans de

nouvelles combinaisons. On devrait pouvoir, en se fondant sur l’analyse du processus,

regrouper ces éléments en classes, chaque classe étant définie par l’homogénéité de

ses possibilités combinatoires, et pouvoir, à partir de ce classement préalable, établir

un calcul général exhaustif des combinaisons possibles.”

(Hjelmslev, Prolégomènes à une théorie du langage, p. 16)
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Points fixes comme paradigmes

(Hjelmslev, 1971a)

A B C D× × ×

the man went home

points
fixes!
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Structure stratifiée

reason

|

un — think — able

|

work

boy

|

the — girl — came

|

man

o

|

p — u — t

|

e
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Points fixes comme traits distinctifs

(Jakobson et al., 1952)

points

fixes!!!

points

fixes!!!
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Points fixes comme traits distinctifs

(Jakobson et al., 1952)

points

fixes!!!

points

fixes!!!
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Noyau et espace social

“S’il est vrai que [...] la classe

dominante constitue un espace

relativement autonome dont la

structure est définie par la

distribution entre ses membres

des différentes espèces de capital,

[...] on doit retrouver ces

structures dans l’espace des

styles de vie [...]. C’est ce que l’on

a essayé d’établir en soumettant à

l’analyse des correspondances

l’ensemble des données

recueillies.”

(Bourdieu, 1979)

(Bourdieu, 1979)
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Noyau et espace social

“Doing a data analysis, in good

mathematics, is simply searching

eigenvectors, all the science of it

(the art) is just to find the right

matrix to diagonalize”

(J.-P. Benzécri, 1973)

(Bourdieu, 1979)
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Sciences humaines et sciences formelles

(J. P. Benzécri, 1976)
(Marcus, 1967)

(Barbut, 1967)
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Vers un structuralisme génératif

� Géométrie tropicale polyhédrique

� Réalisabilité et logique linéaire

(Welch Labs, 2025)
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Vers un structuralisme génératif

� Géométrie tropicale polyhédrique

� Réalisabilité et logique linéaire

(Hjelmslev, 1971a)

A B C D

A � B C � D

(A � B) � (C � D)

× × ×

the man went home
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(Hjelmslev, 1971a)

A B C D

A � B C � D

(A � B) � (C � D)

× × ×

the man went home

(f � g)(x) := sup
cd=x

(f(c) + g(d) − M(c, d))
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