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Abstract

Decision-making models for individuals, particularly in high-stakes scenarios like
vaccine uptake, often diverge from population optimal predictions. This gap arises
from the uniqueness of the individual decision-making process, shaped by numeri-
cal attributes (e.g., cost, time) and linguistic influences (e.g., personal preferences
and constraints). Developing upon Utility Theory and leveraging the textual-
reasoning capabilities of Large Language Models (LLMs), this paper proposes
an Adaptive Textual-symbolic Human-centric Reasoning framework (ATHENA)
to address the optimal information integration. ATHENA uniquely integrates two
stages: First, it discovers robust, group-level symbolic utility functions via LLM-
augmented symbolic discovery; Second, it implements individual-level semantic
adaptation, creating personalized semantic templates guided by the optimal utility
to model personalized choices. Validated on real-world travel mode and vaccine
choice tasks, ATHENA consistently outperforms utility-based, machine learning,
and other LLM-based models, lifting F1 score by at least 6.5% over the strongest
cutting-edge models. Further, ablation studies confirm that both stages of ATHENA
are critical and complementary, as removing either clearly degrades overall predic-
tive performance. By organically integrating symbolic utility modeling and seman-
tic adaptation, ATHENA provides a new scheme for modeling human-centric deci-
sions. The project page can be found at https://yibozh.github.io/Athena.

1 Introduction

Consider the widely debated vaccine dilemma [1], from a population-level perspective aimed at opti-
mizing collective well-being (e.g., achieving herd immunity at minimal societal cost), models would
invariably predict near-universal vaccine adoption. However, this population optimum consistently
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fails to predict actual individual behavior. The reality is a broad spectrum of personal choices, because
each individual undertakes their own uniquecognitive calculus: balancing a vaccine's perceived
ef�cacy and protection against its perceived risks [2], all �ltered through their personal beliefs,
constraints, and even considerations of potential "free-riding" on the immunity of others [3]. This
divergence between the theoretical population optimum and observed individual actions highlights a
critical limitation: models designed to maximize collective outcomes do not adequately explain
or predict individuals' choices. Instead, individual choices are profoundly shaped by who we are,
when the decision is made, and the unique constraints we face. This internal'cognitive calculus',
unique to each individual and situation, presents a profound challenge for human decision modeling.

For decades, researchers have attempted to model this'cognitive calculus'with Utility Theory [4–6],
which assumes individuals select options that maximize expected gain. Operationally, this involves
de�ning a parametric utility function, denoted asf : X ! R, that maps a vector of structured
attributesX (e.g., monetary cost and time) for each option to a scalar utility score. Such pre-de�ned
and explicit speci�cations off are the basis for classic discrete choice models [7], which have been
widely adopted across economics [8–10], transportation [7, 11–13], and public policy [14–16]. In
these models, the utility scores derived fromf for each available option are used to probabilistically
determine the likelihood of an individual selecting a particular option. However, even these utility-
based models encounter fundamental barriers when attempting to capture the full depth of human
decision-making. Real-world human decisions, as seen in thevaccine dilemma, frequently deviate
from these mathematical formulations. Individuals exhibit behaviors that appear inconsistent or
irrational [17, 18], yet these are often driven by subjective feelings and personal experiences. Such
deviations re�ect that traditional models, with their reliance on pre-speci�ed functions, struggle
to capture personalized decisions [19]. The clue for deciphering this deviation is covered within
individual attributes, some of which are structured and quanti�able, while others are unstructured and
semantic (e.g., individual preference and constraints).

Addressing these unstructured and semantic dimensions, which are pivotal for capturing personalized
decision mechanisms, calls for new modeling paradigms. LLMs with their strong textual-reasoning
capability offer a clear advance [20], providing new mechanisms for identifying the utility func-
tion f and for integrating semantic individual context directly into the decision modeling process.
Speci�cally, LLMs enhance our ability to model human choice by: a) Guiding the discovery of
more accurate and robust parametric forms forf . Through LLM-augmented symbolic regression
[21–23], it becomes feasible to identify data-driven mathematical structures that capture underlying
group-level choice patterns more effectively than pre-speci�ed forms. b) Enabling the infusion of
individual-level textual information into the human decision modeling [24–26]. By encoding personal
preferences, constraints, and narratives, LLMs allow each decision to re�ect the nuanced motivations
and situational factors that traditional numeric features alone cannot convey.

This paper introduces anAdaptive Textual-symbolic Human-centric Reasoning framework
(ATHENA ). ATHENA achieves personalized decision modeling by uniquely integrating two sequen-
tially structured steps: First, at the group level, it focuses on discovering robust, symbolic utility
functions. Second, it implements individual-level, LLM-powered semantic adaptation guided by
optimal utility functions discovered in previous steps. The outcome is a customized semantic template
for each person, speci�cally designed to empower an LLM to model their choices by incorporating
their unique preferences and constraints. We empirically validateATHENA on two real-world human
decision-making tasks: travel mode choice and vaccine uptake decisions. The model consistently
outperforms traditional utility-based, machine learning, and LLM-based models, with at least6:5%
improvement in F1 score. Further ablation experiments reveal that removing either the group-level
symbolic utility search or the individual semantic adapter lowers performance by at least18%,
underscoring the merit of the full ATHENA framework.

2 Related Work

Utility-based Decision-Making Models. Initial explorations into this complex domain were pre-
dominantly by utility-based models [27–30]. These methods aim to capture human behavior within
explicit mathematical functions, formulated from empirical data. Established methodologies such
as Discrete Choice Models (DCMs) have been widely used, attributable to their interpretability
and robust statistical underpinnings [31, 10, 32–37]. While offering tractability, they may also
limit the ability to fully capture complex non-linear patterns and diverse preferences in modern
high-dimensional data.
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Machine Learning–Driven Decision-Making Models.ML-driven decision-making models aim to
directly learn from rich, diverse features. Tree-based ensemble methods, including Random Forests
[38], Gradient-Boosting Trees [39], XGBoost [40, 41], and LightGBM [42], alongside neural network
architectures [43–45], exhibited a notable pro�ciency in �tting complex, non-additive interaction
effects. These models effectively integrated large-scale data, but their decision-making processes
often lacked transparency despite strong predictive performance. Efforts to enhance transparency
via post-hoc explanation frameworks, for instance, SHAP [46–48] and Integrated Gradients [49, 50],
have provided some insights for human behavior. A persistent challenge is these models' vulnerability
to distribution shifts, lack of transparency, and limited ability to provide symbolic, interpretable
insights needed for personalized utility reasoning.

Symbolic Regression with LLMs. Classical symbolic regression (SR) typically uses genetic
programming to evolve populations of candidate equations via stochastic mutation and crossover [51–
53]. The goal is to �nd formulas that balance simplicity, generalizability, and human interpretability
[54–56]. The recent rise of LLMs has revitalized symbolic regression, enabling new possibilities
in scienti�c discovery when combined with advanced evolutionary algorithms [57]. For example,
LLM-SR integrates LLM with evolutionary symbolic regression by treating equations as executable
programs. It leverages LLMs' scienti�c prior knowledge and code generation abilities to iteratively
generate, re�ne, and optimize equation skeletons [22]. LASR integrated LLM-driven abstract
textual concepts within evolutionary frameworks, achieving notable performance enhancements on
benchmarks, such as the Feynman equation set [58]. The DiSciPLE framework extended these
contributions by emphasizing the interpretability and reliability of generated scienti�c hypotheses,
incorporating critical evaluation and simpli�cation to ensure hypotheses are both scienti�cally
rigorous and computationally ef�cient [59].

LLM-based Decision-Making Models. The advent of LLMs has offered a new opportunity, es-
tablishing these models as human-like reasoning engines [60–65]. Techniques such as instruction
tuning [66–69], chain-of-thought reasoning [70–74] are elevating LLMs move beyond basic text
generation to handle more complex tasks involving step-by-step reasoning and symbolic or numerical
problem-solving [75–81]. Within the speci�c domain of personalized decision making, preliminary
�ndings suggest that zero-shot and few-shot prompting strategies can enhance the behavioral align-
ment of LLMs [82, 83]. Because a model's knowledge is inherited from generic pre-training priors,
its reasoning defaults to universally salient factors – e.g., cost and time in travel mode choice – while
overlooking personal preferences such as rail-pass loyalty or transfer aversion, thereby introducing
systematic bias [84]. Techniques like persona loading partially mitigate this gap by conditioning
responses on inferred preference structures [82, 85]. Beyond basic prompting, decision-centric
systems add explicit structure to improve reliability and transparency:DeLLMaenumerates plausible
states, elicits utilities via pairwise comparisons, and maximizes expected utility;STRUXdistills inputs
into fact tables with self-re�ective evidence;OptiGuidecompiles natural-language "what-if" queries
into optimization code and invokes solvers;Agent-Drivercoordinates tool calls, commonsense/expe-
rience memory, and chain-of-thought planning;Personalized Oncologyevaluations show chat-LLMs
still trail experts, motivating structured, evidence-grounded pipelines [86–90]. Nevertheless, many
deployments still treat LLMs as opaque scoring mechanisms, falling short of fully recovering explicit,
personalized utility logic.

3 Methods

We consider a classic discrete choice problem, where an individuali faces a �nite set of choices
J = f 1; 2; : : : ; J g, whereJ = jJ j . The decision-making process assumes individuals select the
optionj that maximizes their utility. Each individual's observed choice behavior is represented by
a datasetD = f (X i ; yi )gN

i =1 . For each observationi , X i = f x ij gJ
j =1 represents the set of feature

vectors, wherex ij 2 RK captures the features for choicej andyi 2 J denotes the observed choice.

The standard approach to modeling discrete choices is the Random Utility Maximization (RUM)
framework [91]. It assumes the latent utility for each alternativej is described byUij = f (X i ; j )+ � ij ,
wheref (X i ; j ) is systematic component of utility and� ij is the random error. Assuming� ij are
independently and identically drawn (i.i.d.) and follow a Type I Extreme Value distribution [92], the
probability of individuali choosing alternativej is given by:
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Figure 1:Overview of the proposedATHENA framework. Group-level symbolic utility discovery:
Symbolic & semantic constraints library feed an LLM-driven symbolic-optimization engine that
iteratively proposes candidate utility functions, scores them with lossL g, and prunes the search via
analysis, crossover, and mutation. Red rings in the contour maps illustrate how the feasible solution
space shrinks across iterations until the optimal formulaf �

g is selected.Individual-level semantic
adaptation: The optimal group utilityf �

g seeds a personalized template space. For each individuali ,
TextGrad computes textual gradients of an individual loss and updates the templateP t

i into a more
personalized decision ruleP t +1

i . Finally, the optimalP �
i is used to predict personal decisions.

P(yi = j j X i ) =
ef (X i ;j ;� )

P
k2J ef (X i ;k ;� )

: (1)

A central challenge lies in specifying the systematic utility componentf . Traditional applications of
RUM often rely on pre-speci�ed functional forms forf using domain expertise and observed data
[93]. This approach may result in a suboptimal representation of the true decision mechanism, while
also neglecting individual heterogeneity in choices. Furthermore, traditional decision-making models
are not designed to incorporate non-structured semantic information. To address these limitations, we
introduce ATHENA for personalized decision modeling designed to identify suitable utility function
representations while simultaneously capturing individual-speci�c preferences. As shown in Fig. 1,
ATHENA structures the decision modeling process into two sequential stages:

1. Group-Level Symbolic Utility Discovery: This initial stage focuses on identifying optimal
symbolic utility components that capture common decision patterns within distinct demographic
groups. The discovery is achieved through a feedback-informed symbolic discovery process
powered by LLMs.

2. Individual-Level Semantic Adaptation: Then, the optimal group-level utility functions serve as
guidance for the LLM-driven optimization of personalized semantic templates. This adaptation
process is designed to incorporate individual-speci�c preferences and constraints, leveraging the
rich semantic reasoning capabilities of LLMs.

3.1 Group-Level Symbolic Utility Discovery

The �rst stage aims to discover an optimal parametric utility function, denoted asf �
g , for each

demographic groupg 2 G. This functionf �
g should be constructible from symbolic building blocks

and optimally explain the group's choice behavior. Following the choice probability de�ned earlier

4



Eq. (1), the objective is to �nd the optimalf �
g and its associated parameters� �

g such that:

(� �
g ; f �

g ) = arg min
f;�

L g(f (X i ; yi ; � ); Dg) = �
X

(X i ;y i )2D g

log
�

ef (X i ;y i ;� )
P

k2J ef (X i ;k ;� )

�
: (2)

To automate the symbolic utility discovery off �
g , we design an iterative, feedback-informed generation

process powered by LLMs. To effectively guide the automated discovery of utility functions, we
constructed two foundational libraries: a domain knowledge concept library (C) and a symbolic library
(S). The libraryC, developed based on input from domain experts, covers high-level conceptual
knowledge about domain-speci�c human behavior. The libraryS provides the fundamental syntactic
building blocks needed for constructing all candidate utility expressions.

Inspired by evolutionary algorithms [94], the core discovery process proceeds iteratively. In each
iterationt for each demographic groupg, the LLM samples a set ofK candidate symbolic utility
functions,f f t

g;k gK
k=1 . This sampling is performed from the LLM's learned distribution� [20, 95],

conditioned on the group pro�leg, the domain conceptC, the available symbolic building blockS,
and a feedbackBt � 1 from preceding iteration:

f f t
g;k gK

k=1 � � (�jg;C; S; Bt � 1) (3)

The feedbackB is essential in re�ning the LLM's sampling strategy. Speci�cally,Bt is constructed
at the end of each iteration t and comprises the best-performing and worst-performing candidate
functions from that iteration:

Bt = f f t
g;+ ; f t

g;� g; (4)

wheref t
g;+ = arg min

k2 K
L g(f t

g;k ; Dg) andf t
g;� = arg max

k2 K
L g(f t

g;k ; Dg). HereL g is the group-level

loss function, with a similar format as Eq.(2). This feedbackBt is used to re�ne the LLM's sampling
distribution� through stochasticmutationor crossover[51–53], pushing the generation towards
more promising types of functions. The iterative discovery process for groupg is considered to have
converged at iterationT if the absolute difference in the loss of the best-performing function from the
current iterationt and that of the previous iterationt � 1 falls below a prede�ned threshold� :

jL g(f t
g;+ ; Dg) � L g(f t � 1

g;+ ; Dg)j< �: (5)

Upon convergence at iteration atT, the optimal group-level symbolic utility function (f �
g ) is de-

termined as the function that achieved the minimum loss across all generated candidate functions
throughout the entire iterative process:

f �
g = arg min

f 2F g

L g(f; D g); (6)

whereFg =
S T

t =1 f f t
g;k gK

k=1 andT is the iteration at which convergence occurred. This discovered
functionf �

g , along with its �tted parameters� �
g , serves as the learned representation of the systematic

utility for groupg.

3.2 Individual-Level Semantic Adaptation

Following the determination of the group-level optimal symbolic utility functionsf �
g , the framework

transitions to the second stage, leveraging an LLM conditioned onf �
g to model individual choice

behavior more accurately. Whilef �
g captures the central tendencies of utility for groupg, signi�cant

intra-group heterogeneity often persists. To account for this, we introduce an individual-level
adaptation stage to personalize the utility representation by generating and re�ning an individual-
speci�c semantic template.

For each individuali 2 g, the initial semantic template, denoted asP0
i is generated by the LLM

(� ). The generation of the initial semantic template is represented as a sampling process from the
LLM's distribution: P0

i � � (�j f �
g ; i; C). In this formulation,� conditions on the optimal group-level

symbolic functionf �
g , the speci�c individual contexti , and the high-level domain concepts fromCto

generateP0
i . This initial templatePi 0 is a semantic representation that is designed to be adaptable in
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subsequent optimization steps. Then, the semantic templateP0
i undergoes an iterative re�nement

process for each individuali . This optimization is driven by TextGrad [96], which optimizes the
template based on the individual's speci�c dataD i = ( X i ; yi ). The update rule is given by:

P t +1
i  P t

i � � rL i (P t
i ; D i ): (7)

The termrL i (P t
i ; D i ) represents the "textual gradient" of the loss function with respect to the

semantic templateP t
i . SinceP t

i is the textual template, this gradient is not a vector of partial
derivatives in the mathematical sense. Instead, it indicates the direction and nature of textual
modi�cations toP t

i that would lead to the most improvement in loss. This iterative re�nement
process continues until a maximum number of iterationsT0 is reached. Then the �nal optimal
semantic template for individuali , denoted asP �

i , is determined. The predicted personalized choice
ŷi is then represented as sampling from the LLM's output distribution:

ŷi � � ( P �
i ; X i| {z }

Semantic Adaptation

j

Symbolic Utility Discovery
z }| {
f �

g (X i ; � �
g) ) (8)

The overall procedure of ATHENA is summarized in Algorithm 1.

4 Experiments Algorithm 1 ATHENA Optimization Flow

Require: Demographic groupg, datasetDg , domain concept
C, symbolic building blockS

1: InitializeB0  None
// Stage 1: Group-Level Symbolic Utility Discovery

2: for t = 1 to T do
3: Sample symbolic utility functionsf f t

g;k gK
k =1 � � (� j

g;C; S; Bt � 1)
4: UpdateBt  f f t

g; + ; f t
g; � g using Eq. (4)

5: Select best functionf �
g  arg min f 2F g L g (f; Dg )

6: if stopping condition in Eq. (5) is metthen
7: break
8: end if
9: end for

// Stage 2: Individual-Level Semantic Adaptation
10: for each individuali 2 g do
11: Initialize semantic templateP 0

i � � (� j f �
g ; i; C)

12: for t = 1 to T 0 do
13: UpdateP t +1

i  P t
i � � rL i (P t

i ; D i ) using Eq.(7)
14: end for
15: end for
16: return fP �

i gi 2 g , predict decisions using Eq. (8).

This section empirically validates the
value ofATHENA, demonstrating its
overall effectiveness in personalized
decision-making and its robust capa-
bility to apply across diverse appli-
cation domains. We break down our
experimental �ndings to speci�cally
showcase the distinct value added by
each core component of theATHENA
framework: 1) group-level symbolic
utility discovery and 2) personalized
semantic template adaptation. Fig. 2
illustrates the full pipeline using the
travel-mode choice as an example.

4.1 Experimental Setup

Datasets. To testATHENA's ability
to generalize across different domains
and to adapt to individual preferences,
we selected two real-world tasks that re�ect fundamentally different personalized decision scenarios:
daily transportation choices and public health decisions.(1) Swissmetro Transportation Choice
(Swissmetro): is a widely used benchmark in travel mode choice modeling [97–101]. Each record
details a trip between major Swiss cities and includes both traveler characteristics (e.g., income,
age) and alternative-speci�c attributes (e.g., travel time, cost). The dataset has a potential choice
set of three transportation modes:Train, Car, andMetro. (2) COVID-19 Vaccination Choice
(Vaccine): This dataset is derived from a large-scale international survey, conducted across multiple
countries [102]. The survey was designed to understand factors in�uencing COVID-19 vaccine
uptake and attitudes. For each participant, it captures demographics, prior beliefs about the vaccine,
and their self-reported vaccination status. The modeled choices based on this information include:
Unvaccinated, Vaccinated initial doses, no booster, andVaccinated initial doses plus booster.

Experiment Con�gurations. To maintain a reasonable budget for the template-adaptation stage, we
restricted the experimental sample to a representative subset of each dataset. Speci�cally, we used:
(1) Swissmetro: 500 travelers, two trip records per person;(2) Vaccine: 300 respondents, one survey
record per person. Within each dataset, we �rst identi�ed key demographic dimensions (gender,
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Figure 2:ATHENA pipeline applied to a travel–mode choice example.Here we useSwissmetroas
an example to illustrateATHENA framework. TheInitialization panel encodes conceptual constraints,
a mixed semantic–numerical feature space, and a symbolic library of operations. InGroup-level
symbolic optimization, an LLM samples, scores, and prunes candidate utility expressions for each
alternative to produce compact formulasf f �

g g that best explain group behavior. InIndividual semantic
adaptation, eachf �

g seeds a group-speci�c prompt templateP0
i , which is re�ned to a personalized

template via TextGrad to capture individual heterogeneity (P0
i ! P �

i ).

age, and income), then sampled approximately balanced subsets across these strata from the full
dataset. This ensures(i) comparable class priors between training and test splits, and(ii) that no
demographic group dominates the symbolic-utility discovery process. The prede�ned demographic
grouping follows established practice in choice modeling, supports interpretability, and improves
robustness by avoiding the complexity and data requirements of latent clustering methods [103–105].

Evaluation metrics. We report Accuracy, F1, AUC, and Cross-Entropy (CE). CE is included because
ATHENA produces probabilistic predictions over choices. A lower CE means the model assigns
higher probabilities to actual choices, while F1 and AUC capture classi�cation performance; together,
they provide complementary views on accuracy and calibration.

Models and baselines.Both stages ofATHENA, symbolic-utility discovery and individual seman-
tic adaptation, run on thegpt-4o-mini-2024-07-18 andgemini-2.0-flash . To evaluate its
performance, we contrastedATHENA with three baseline groups.(i) LLM-based methods: a plain
zero-shot method [106, 107], a zero-shot chain-of-thought method [106], a �ve-example few-shot
method [108, 109], and TextGrad tuning [96]. (ii) Classical discrete-choice models: Multinomial
Logit (MNL) [ 110], Conditional Logit (CLogit) [111], and Latent-Class MNL [112]. (iii) Standard
machine-learning classi�ers: logistic regression, random forest, XGBoost [113], a shallow two-layer
MLP [114], TabNet for tabular data [115], and a �ne-tuned BERT classi�er [116]. This spectrum
ranges from end-to-end language-model reasoning through discrete choice models to conventional
predictive learners, providing a balanced reference for unique modeling capabilities.

4.2 Overall Performance Analysis

Performance and insights.As shown in Table 1, on theSwissmetromode choice task,ATHENA
with GPT-4o-mini notably outperforms evaluated baselines across Accuracy (Acc), F1-score (F1),
and AUC. Over the strongest baseline, it achieves gains of at least6% in Acc and6:5% in F1,
respectively. Similar improvements are noted on theVaccinedataset. Notably, our proposed method
exhibits higher Cross-Entropy (CE) compared to baselines such as XGBoost. We attribute this to the
inherent design ofATHENA, which produces more conservative probability distributions rather than
extreme certainties. Speci�cally, unlike models that might predict a choice with> 90%con�dence,
ATHENA's framework is less prone to such high probabilities. This characteristic may better re�ect the
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Table 1: Performance comparison of LLM-based, classical choice, and machine learning methods on
the three-class Swissmetro and three-class COVID-19 Vaccine choice tasks.

Method LLM Model Swissmetro Vaccine

Acc." F1." CE.# AUC." Acc." F1." CE.# AUC."

LLM-
Based

Zeroshot gemini-2.0-�ash 0.5920 0.2940 0.9257 0.6561 0.5800 0.5092 0.8328 0.7607
GPT-4o-mini 0.6300 0.2757 2.7258 0.3657 0.5433 0.5387 0.8562 0.7395

Zeroshot-CoT gemini-2.0-�ash 0.5880 0.3478 0.9415 0.6331 0.5800 0.5073 0.8436 0.7526
GPT-4o-mini 0.6420 0.2960 0.8957 0.6237 0.5500 0.5353 0.8540 0.7465

Fewshot gemini-2.0-�ash 0.7580 0.7027 8.7244 0.7956 0.5667 0.5740 12.0324 0.7053
GPT-4o-mini 0.6815 0.4945 7.0029 0.7395 0.5067 0.5097 6.6110 0.6891

TextGrad gemini-2.0-�ash 0.5568 0.2980 1.2011 0.5400 0.4241 0.4014 5.7813 0.6363
GPT-4o-mini 0.6500 0.3620 0.9079 0.5364 0.5084 0.4962 4.5412 0.6709

ATHENA
gemini-2.0-�ash 0.7679 0.7222 0.9041 0.8387 0.6797 0.5968 0.7610 0.8370
GPT-4o-mini 0.8134 0.7655 1.0863 0.8825 0.7345 0.7161 0.7551 0.8704

Utility
Theory

MNL / 0.6101 0.3887 0.8353 0.7074 0.4150 0.1955 1.0510 0.4301
CLogit / 0.5714 0.2424 0.8916 0.5976 0.4150 0.1955 1.0510 0.5000
Latent Class MNL / 0.6101 0.3967 0.8175 0.7182 0.1950 0.1088 1.0986 0.5000

Machine
Learning

Logistic Regression / 0.5620 0.5570 0.9310 0.7460 0.6500 0.6690 0.7630 0.8330
Random Forest / 0.7100 0.7050 0.7380 0.8810 0.6300 0.64700.7290 0.8420
XGBoost / 0.7080 0.7050 0.7040 0.8810 0.6300 0.6480 1.1420 0.8150
BERT / 0.7246 0.4994 0.7037 0.8811 0.6350 0.6541 0.7409 0.8168
TabNet / 0.6375 0.4060 0.7887 0.8810 0.6650 0.6684 0.8968 0.8147
MLP / 0.6475 0.6386 0.7626 0.8350 0.6068 0.6062 0.9320 0.8205

uncertain nature of human decision-making, which our model is designed to accommodate. Overall,
the performance enhancements highlightATHENA's strength in combining symbolic structures with
semantic adaptation for effective personalized decision modeling.

Disentangling Semantically Similar Choices.Prompt-only LLMs and classical choice models
frequently fail to distinguish between super�cially similar options. For example, the few-shot LLM
misclassi�ed75%of trueCar trips as the premiumMetro service. By introducing symbolic-level
structure and performing individual-level semantic adaptation,ATHENA more than doubled the
number of correctly classi�edCar trips, while maintaining high recall for bothTrain andMetro.
On the Vaccine task, its learned templates encode key interactions such as age-risk trade-offs and
prior-infection hesitancy, allowing it to achieve the highest F1 score despite strong semantic similarity
between fully vaccinated and booster options. In practice, these interpretable templates enable a
better understanding of individual behavior, for instance, identifying who tends to decline vaccination
and why, which is crucial for informing high-stakes decision-making. See Appendix A.3 for details.

Computational Complexity and Scalability. With T andT0 �xed, ATHENA's runtime is linear in
the number of groupsjGj and individualsN , scaled by the average LLM latency� :

O(( jGjKT + NT 0) � tok):

Both stages parallelize naturally, as group-level searches run independently and individual-level re-
�nements can be batched or distributed. Detailed runtime measurements are provided in Appendix D.

Extended backbone LLM comparisons.On a 100-individual subset, we also tested larger reasoning
LLMs (Qwen3-32B, DeepSeek-R1-Distill-Qwen-32B , GPT-4o). With prompt-only baselines,
larger reasoning models occasionally yield higher F1/Acc but exhibit volatile calibration (high
CE), re�ecting the lack of structural constraints. UnderATHENA, backbone differences shrink: the
symbolic discovery plus semantic adaptation turns the task into constrained sampling and small,
directed improvements, allowing lightweight models to reach near-maximal performance, while
stronger reasoning models provide modest, consistent gains on harder interactions (e.g., vaccine
risk–trust trade-offs). Full experimental details appear in Appendix C for completeness.

4.3 Ablation Study

We evaluateATHENA's two components by(i) keeping only the group-level symbolic utility discovery
and(ii) keeping only the individual-level semantic adaptation, under identical data and metrics. We
do not include a symbolic-only group-level discovery baseline (Stage 1 without LLM), because the
Concept Library is accessible only via the LLM. Excluding it would reduce the hypothesis space to
symbolic operators alone, changing the problem de�nition rather than providing a clean ablation.

Group-Level Symbolic Utility Discovery: necessary but not suf�cient.WhenATHENA retains only
the group-level symbolic component, accuracy exceeds the classical MNL by4:7%onSwissmetro
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and19%onVaccine(Table 2), indicating that only LLM-generated utility expressions can already
encode broad demographic regularities. The accuracy trajectories of this symbolic discovery process
over 30 iterations (Fig. 3) further demonstrate its effectiveness, illustrating the gradual learning of
these group-level trends. Nevertheless, lower F1 score and AUC and elevated cross-entropy, re�ecting
limited discriminative capacity for similar alternatives. These results highlight the symbolic stage's
strength in pruning the hypothesis space to interpretable structures, but also expose its limitations in
capturing much heterogeneity.

Table 2: Component-wise ablation results on the Swissmetro and Vaccine choice tasks, comparing
Symbolic Utility Discovery only, Semantic Adaptation only, MNL, and the full ATHENA pipeline.

Swissmetro Vaccine

Variant Acc." F1." CE.# AUC." Acc." F1." CE.# AUC."

Ablation
Variants

Symbolic Utility Discovery Only 0.6566 0.3785 2.6044 0.5687 0.6067 0.3596 1.0410 0.7294
Semantic Adaptation Only 0.6044 0.4950 2.2897 0.68720.5433 0.5348 0.8695 0.7535
MNL 0.6101 0.3967 0.8175 0.7182 0.4150 0.1955 1.0510 0.5000
Full Pipeline 0.8134 0.7655 1.0863 0.8825 0.7345 0.7161 0.7551 0.8704

Figure 3:Accuracy trajectories of symbolic regression.As shown here, the accuracy keeps growing
in 30 iterations for all four groups in thevaccinedataset. Each orange dot is the average accuracy at a
given iteration; the red dashed curve is a �t showing the overall upward trend and convergence.

Individual-Level Semantic Adaptation: powerful only with a solid starting point. Conversely,
bypassing symbolic discovery and initiating TextGrad from random templates leads to noteworthy
degraded performance: As shown in Table 2, accuracy drops to60:4% on the Swissmetro dataset
and54:3% on the Vaccine dataset; Swissmetro's CE more than doubles (2:29), and AUC falls below
0:70. Without a sound starting point, gradients are likely to converge to local optima and yield erratic
probability outputs, reaf�rming the unreliability of unguided adaptation in multi-choice settings.

Take-away. The two stages ofATHENA are complementary: symbolic discovery supplies an
interpretable, well-regularized search space, while semantic adaptation injects the individual-level
nuance that symbolic rules alone miss.

4.4 Symbolic Utility Discovery Fragment Analysis

Equation(8) shows that an individual prediction is in�uenced by group-level symbolic utility
f �

g (X i ; � �
g). In this section, we demonstrate the building blocks of those utilities are both behaviorally

meaningful and reusable across groups. As shown in Fig. 4, each symbolic utility is decomposed into
atomic fragmentsf ' 1; ' 2; : : : g and their global importance is quanti�ed.

Fragment score.For every groupg we retain the top-K(K = 3) utilities ranked by held-out accuracy
Acc(f ). The importance score of a fragment' m is then

Score (' m ) =
X

g2G

KX

k=1

1
�
' m �

�
f �

g;k

	�
� Acc

�
f �

g;k

�
(9)

So a fragment earns points whenever it (i) appears in the top-ranked utilities ofmanygroups and (ii)
is embedded in highly predictive expressions.

Fig. 4 visualizes the fragment scores for both datasets. Only a small fraction of fragments dominate,
con�rming thatATHENA converges to a compact and interpretable symbolic basis. For example, in
Vaccine, one of the leading fragment' 7 =

p
Age � (Trust Government+ Trust_Science) softens
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