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Abstract

While large language model (LLM)-based user profiling of-
fers significant potential for personalization, most existing
approaches rely on empirical heuristics and lack grounding
in the psychological mechanism that drive human behavior.
In this paper, we introduce TRIPLE (Theory-guided Rea-
soning for Intent and hablt Profiling with LLMs for pEr-
sonalization), a novel framework that systematically inte-
grates dual-process theory from social psychology into LLM-
based user modeling. TRIPLE (1) constructs a habitual be-
havior profile by identifying repeated patterns over time to
model automatic responses; (2) builds an intentional behav-
ior profile by inferring user attitudes, subjective norms and
perceived behavioral control based on the Theory of Planned
Behavior (TPB); and (3) generates behavioral rationale that
reveal the interaction between habitual and intentional pro-
cesses to predict user behavior in context-specific situations.
We evaluate TRIPLE on five personalization tasks from the
LaMP benchmark using multiple open-source LLMs. Re-
sults show that TRIPLE consistently outperforms existing in-
context learning methods, with especially pronounced gains
on complex generative tasks such as headline and title gener-
ation. Qualitative analyses further demonstrate that the pro-
files and reasoning paths generated by TRIPLE provide inter-
pretable and psychologically grounded explanations of user
behavior. These findings provide strong evidence that incor-
porating validated behavioral theories into LLM-based per-
sonalization enhances both predictive performance and inter-
pretability, paving a way for theory-driven, socio-cognitively
informed user modeling.

Project Page — https://bit.ly/4pbllil

Introduction

Analyzing user behavioral patterns to derive underlying
characteristics is a fundamental component of personalized
service design (Koufaris 2002; Tam and Ho 2006; Zhao
et al. 2015). Since human behavior typically arises from
intentional processes, understanding not only surface-level
behaviors but also their intentions is important for achiev-
ing a more comprehensive and precise representation of the
user (Ajzen 1991). These behavioral intentions are shaped
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Figure 1: Motivation for TRIPLE. While recent LLM-based
profiling methods have advanced transparency compared
to traditional black-box models, they often generate un-
structured summaries of past behavior without theoretical
grounding. This limits their ability to explain the why behind
user actions. In contrast, TRIPLE integrates Dual-Process
Theory, explicitly modeling behavior through a Habitual
Profile (automatic actions) and an Intentional Profile (de-
liberate actions). The Behavioral Rationale then synthesizes
these components to generate predictions with interpretable,
psychologically-grounded explanations for user behavior.

by individual attitudes, social norms, and perceived behav-
ioral control, while exhibiting latent properties that fluc-
tuate with contextual factors such as time, location, and
mood (Ajzen 1985). Thus, recognizing the complex inter-
action between psychological, social, and contextual dimen-
sions can lead to more accurate behavior prediction and ul-
timately improve user experiences in personalized systems.

Despite the importance of latent characteristics, effec-
tively capturing them in practical systems remains a signifi-
cant challenge (De Bra 2017; Tam and Ho 2005). Prior per-
sonalization approaches have relied mainly on embedding
user behavior data (e.g. reviews, ratings) to infer latent vari-
ables such as preferences, emotional states (Zhang, Chen
et al. 2020). However, such embedding-based models often
suffer from low interpretability, making it difficult to eval-
uate whether users’ cognitive judgment processes are prop-
erly reflected (Zhou et al. 2025). This lack of transparency



can also hinder the integration of domain knowledge and so-
ciocognitive factors, limiting the flexibility, accountability,
and trustworthiness of the model (McCarthy et al. 2025).

The emergence of large language models (LLMs) is note-
worthy as LLMs offer new opportunities to overcome these
limitations by enabling more interpretable user modeling.
LLMs pre-trained on vast text corpora, encode a broad
range of knowledge about human psychology and social
norms (Demszky et al. 2023; Kosinski 2024; Park et al.
2023). More importantly, they support natural language-
based reasoning, allowing them to generate explicit, in-
terpretable explanations for user states, an advantage over
traditional black-box embeddings. Recent studies have ex-
plored the use of LLMs for in-context user profiling, where
user profiles are constructed and used to predict various be-
haviors, such as product preferences or writing with a cer-
tain style. While the specific method of profile construction
varies—for example, using raw interaction histories (Salemi
et al. 2023), natural language summaries (Liu et al. 2024),
or structured preference representations (Bang and Song
2025)—these approaches have shown promise in improving
predictive performance and interpretability.

However, these research efforts have largely overlooked
deeper socio-technical perspectives. To fully leverage the
knowledge embedded in LLMs for understanding users, it
is essential to ground this understanding in validated theo-
retical frameworks from the social and behavioral sciences.
These frameworks offer structured explanations of human
behavior and the interrelations among key constructs, serv-
ing as reasoning scaffolds that guide the selection and or-
ganization of relevant elements from LLM’s knowledge. By
incorporating such theory-driven structures into LLM-based
modeling, we can achieve more precise, transparent, and
psychologically grounded representations of users, which
reflects not only their observed behaviors but also the mo-
tivations, norms, and cognitive processes that drive them.

In this context, the Dual-Process Theory from social psy-
chology offers an important conceptual foundation (Chaiken
and Trope 1999; Evans 2008). This theory distinguishes be-
tween two distinct type of human behavior—habitual and
intentional—each governed by different cognitive mecha-
nisms (Strack and Deutsch 2004). Habitual behavior arises
from repeated actions in stable contexts and lead to auto-
matic responses that can predict future behavior indepen-
dently of conscious intention (Wood and Neal 2007). In
contrast, intentional behavior is based on behavioral inten-
tions, shaped by attitudes, subjective norms, and perceived
behavioral control, providing explanatory power for short-
term, goal-directed actions (Ajzen 1991). These two behav-
ioral processes function complementarily, with their influ-
ence varying according to contextual factors (Ouellette and
Wood 1998). Therefore, modeling both processes in LLM
input contexts allows for a more nuanced and accurate un-
derstanding of user behavior.

In this paper, we propose TRIPLE (Theory-guided Rea-
soning for Intent and habit Profiling with LLMs for pEr-
sonalization), a novel LLM-based profiling framework that
systematically integrates dual-process theory into user mod-
eling. TRIPLE generates two distinct but complementary
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profiles. First, the intentional behavior profile models goal-
directed actions by inferring behavioral intentions and their
components—attitudes, subjective norms, and perceived be-
havioral control—based on the Theory of Planned Behavior
(TPB) framework. Second, the habitual behavior profile cap-
tures automatic, routine behaviors by identifying repeated
behavioral patterns in user history. This profile models un-
conscious tendencies that TPB fails to capture. Additionally,
TRIPLE generates a behavioral rationale, which explicitly
articulates, in natural language, how and why each profile
contributes to the prediction for a given situation. This ratio-
nale captures the interaction between the two profiles, pro-
viding interpretable insights into how different behavioral
processes apply in different contexts.

To evaluate the effectiveness of TRIPLE, we conducted
experiments on five personalized tasks (i.e., news catego-
rization, movie tagging, product rating, news headline gen-
eration, and scholarly title generation) using the LaMP
dataset (Salemi et al. 2023), a widely used benchmark
in user modeling research. Results across multiple open-
source LLMs showed that TRIPLE outperformed existing
in-context learning profiling methods, with particularly no-
table improvements on the generative tasks. This highlights
the value of incorporating social science theories into LLM-
based user modeling. Furthermore, a qualitative evaluation
confirmed that TRIPLE-generated profiles offered clearer
and more comprehensible explanations of user behavior
compared to existing methods.

This study contributes not only to improved prediction
performance but also to theoretical transparency in user
modeling. By making explicit both the outcomes and rea-
soning processes behind user behaviors, TRIPLE enhances
interpretability and user understanding—offering a practical
and extensible framework for theory-grounded personaliza-
tion. As such, TRIPLE serves as a leading example of socio-
technical Al modeling that promotes conceptual and algo-
rithmic extensions in the user modeling literature and offers
a generalizable methodology for personalization across di-
verse domains.

Background
Theories of Behavioral Intention and Habit

Traditional research in social psychology has long inter-
preted human behavior as the result of conscious and de-
liberative reasoning. The Theory of Reasoned Action (Fish-
bein and Ajzen 1975) and the Theory of Planned Behav-
ior (Ajzen 1991) propose that behavioral intention is formed
through the interplay of attitudes, subjective norms, and per-
ceived behavioral control, and intention is assumed to pre-
dict behavior. These theories have been validated across a
wide range of behavioral domains (McEachan et al. 2011).
However, these intention-based models are limited in their
ability to explain automatic and habitual behaviors, resulting
in what is commonly referred to as the intention-behavior
gap (Sheeran 2002). Ouellette et al. defined habit as an au-
tomatic behavioral response learned through repeated goal-
directed actions (Ouellette and Wood 1998), often trig-
gered by environmental cues and carried out with minimal



Method Profile Content and Generation Method

Profile Representation Theoretical Foundation

PAG (Richardson et al. 2023)
ONCE (Liu et al. 2024)

GPG (Zhang 2024)

PURE (Bang and Song 2025)

Summarizes entire user history offline

Describes specific behavioral styles

Extracts explicit preferences directly

TRIPLE (Ours)

Infers high-level interests and attributes from user history

Analyzes psychological drivers and mechanisms

Descriptive summary of overall preferences Empirical
List of inferred interests and attributes Empirical
Descriptive text of specific user styles Empirical
Structured lists of likes/dislikes/features Empirical

Dual processing theory,
Habit Theory,
Theory of Planned Behavior

Habits and Intentions

Table 1: Comparison of TRIPLE with representative empirical methods. While existing approaches primarily rely on empirical
heuristics to capture behavioral patterns, TRIPLE is the first framework to incorporate psychological theories to model the

underlying cognitive mechanisms that drive user behavior.

conscious deliberation. Habitual behaviors, therefore, arise
through psychological mechanisms that are fundamentally
distinct from those governing intentional behaviors.

To unify these perspectives, dual-process theory inte-
grates intention-centered and habit-based models, propos-
ing that intentional and habitual processes function comple-
mentarily in shaping human behavior (Ouellette and Wood
1998). This theory has been validated across multiple do-
mains (Evans and Stanovich 2013), improving prediction
accuracy in consumer (Samson and Voyer 2012) and health
behavior (Brown et al. 2021) by differentiating deliberative
from habitual processes. Recently applied to human-Al in-
teraction, dual-process modeling has enhanced LLM agents’
performance in collaborative tasks (Zhang 2025).

Building on this foundation, our study proposes a novel
framework that integrates dual-process theory with LLM in-
context learning to support deeper and more interpretable
user modeling. We model intentional and habitual behaviors
as distinct profiles and analyze their context-dependent con-
tributions through explicit behavioral rationales. By com-
bining the reasoning capabilities of LLMs with established
social-psychological theories, we aim to advance inter-
pretable and personalized behavior prediction in a theoret-
ically grounded and computationally practical manner.

LLM-based In-Context Personalization

The emergence of LLMs has opened new opportunities for
user profiling. Early studies use the direct inclusion of users’
past behaviors in prompts. For example, PAG (Richard-
son et al. 2023) extracts keywords from user behaviors to
generate concise profiles. However, this approach is lim-
ited to simple keyword enumeration, failing to capture
relationships between behaviors or contextual meanings.
ONCE (Liu et al. 2024) expresses user interests through
natural language summarization but remains at static pro-
files that cannot reflect temporal changes or situational dif-
ferences. PURE (Bang and Song 2025) model user prefer-
ences through structured representations of likes and dis-
likes. While it offers limited update mechanisms over time,
it remains focused on surface-level preferences and lacks the
capacity to explain underlying psychological drivers or ha-
bitual behavior patterns. Table 1 summarizes the key con-
ceptual differences between these approaches and the pro-
posed TRIPLE framework. Prior studies on LLM-based pro-
filing, while advancing performance and interpretability, re-
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main largely empirical, focusing on behavioral pattern ex-
traction rather than established theories of human behavior.

Our study integrates the Theory of Planned Behavior and
habit theory validated in social psychology into LLMs in-
context learning. This enables the model to not merely de-
scribe user behavior but also explain why it occurs through
underlying psychological processes (e.g., intentions, atti-
tudes, social norms, and habitual cues). To our knowl-
edge, this is the first study to systematically integrate dual-
process behavioral theories into an LLM-based personaliza-
tion framework.

Method

We propose a novel user profiling method, TRIPLE, based
on Dual-Process Theory (DPT) (Chaiken and Trope 1999;
Evans 2008) to enhance the prediction and interpretation of
user behavior. DPT distinguishes between two fundamental
cognitive systems: habitual processes, which are automatic
and shaped by repeated experiences, and intentional pro-
cesses, which are driven by conscious deliberation. Building
on this framework, TRIPLE integrates DPT with LLM per-
sonalization by modeling user behavior through two com-
plementary profiles: a habitual profile P (¢) and an inten-
tional profile P/ (t). For each user u, these profiles are con-
structed using the most recent k query-behavior pairs hy; =
{xt,y:} drawn from the user histories H,, = {hg, h1, ..., h}
within a sliding window up to time ¢. Additionally, TRIPLE

generates a behavioral rationale Rf"°Y(h,) that combines
both profiles to identify which process is more dominant in a
given context. This approach enhances behavioral prediction
accuracy and provides interpretable insights into the under-

lying cognitive mechanisms of personalized user behavior.

User Profiling with Dual-Process Theory

Habitual Profile According to habit theory (Wood and
Neal 2007), habits are automatic behavioral patterns trig-
gered by specific situational cues and shaped through long-
term experience. We therefore define a user’s habitual be-
havior profile P (t) as the set of automatic response pat-
terns that surface consistently in behavioral data.

To capture users’ stable, largely unconscious behavioral
foundations, we generate P (t) with a sliding window
Wy = {ht—g+1,...,ht} of size k that contains the most
recent k histories. The window excludes future informa-
tion yet updates over time, ensuring a balance between two
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Figure 2: Overview of TRIPLE framework, showing how user history is processed into habitual and intentional profiles, which
are then synthesized through behavioral rationale generation to produce personalized predictions.

properties: (1) habits evolve over time, so outdated patterns
should fade, and (2) recently reinforced habits best predict
future actions. Thus, the window preserves only the most
relevant and currently active habitual patterns.

Analyzing the window W, at once lets the LLM detect re-
curring cue-response links more directly than step-wise in-
cremental updates. We generate the habitual profile P (t)
using function Lp,p;;, as follows:

P (t) = Luavic(Phavit, W) M

where Ly, denotes the LLM model, and the prompt

Phavit is a prompt that explicitly instructs the LLM to ex-

tract situational cues and their repetitive behavioral patterns

in a structured format. The resulting habitual profile distills
the user’s routine automatic behaviors.

Intentional Profile The Theory of Planned Behavior
(TPB) (Ajzen 1991) suggests that intentional behavior
emerges from deliberative processes involving attitudes,
subjective norms, and perceived behavioral control. Based
on TPB, we model the intentional profile P! (¢) as a dynamic
belief system that reflects how users’ behavioral intentions
change over time, by analyzing situational factors and be-
haviors within a sliding window of size k ending at time ¢.
This profile comprises the following components:

* Attitude: An individual’s positive or negative evaluation
of specific behaviors.

* Subjective Norm: Perception of social pressure from
others and expectations regarding behavior performance.

* Perceived Behavioral Control: Beliefs about how easy
or difficult it is perceived to perform specific behaviors.

TRIPLE manages P!(t) using an incremental update
mechanism, a design choice that directly reflects the con-
scious deliberation described in the TPB. Unlike habits,

17629

which are derived from repeated behavioral patterns, inten-
tions emerge in response to specific situations and are then
integrated into the user’s evolving belief system. For each
behavioral history hy = {z¢, y: }, TRIPLE generates a short-
term intentional profile p’, (¢) by inferring how the situation
x, triggered the behavior y,, guided by the TPB’s three com-
ponents (i.e., attitude, subjective norm, and perceived behav-
ioral control). pZ (¢) is computed as follows:

Pu(t) = Lineenc(Pres, he) 2
where Liyen denotes the LLM model, and Prpg repre-
sents a prompt that instructs the LLM to construct a profile
consisting of the three TPB components based on the history
hy. pL(t) captures the user’s intention at time ¢ and serves
as the basic unit for updating the long-term intentional pro-
file. pL (¢) is then integrated with the prior intentional profile
PI(t — 1) to form the new intentional profile P} (#):

PUI (t) = Eupdate(Pupdate7 {qu (t - 1)7p1€ (t)}) 3)

where Lypgae denotes the LLM model, and Pypgae cOm-

pares pl,(t) with the previous profile P(t — 1), reinforc-

ing consistent beliefs, refining conflicting ones, or mirroring

how conscious thought gradually stabilizes while filtering

out fleeting intentions. This incremental process simulates
how deliberate beliefs evolve over time.

In summary, the habitual profile P (t) captures basic be-
havioral patterns in a long-term, stable, and automatic way,
while the intentional profile P/ (¢) reflects situational adjust-
ments in a short-term, changing, and conscious way.

Behavioral Rationale Generation To identify which sys-
tem dominated a specific action, we perform a post-hoc anal-
ysis of h; using P (t) and P! (t). This yields a personalized

rationale Rzismry(ht), as follows:

Rl;islory(ht) = ﬁrationale(Pralionaley {hta quI (t)v PI{ (t)}) (4)



where L aionale denotes the LLM model, and Prasionale
guides the LLM through four steps:

1. Habit-based initial prediction: Identify habitual cues
based on the given query z; and habit profile P (t), and

predict habitual behavior.

. Intention-based review: Compare initial predictions
with P! (t) to analyze points of agreement or conflict be-
tween the profiles.

Self-verification: Classify the consistency between the
analysis results of the two profiles as match, partial
match, partial mismatch, or complete mismatch, and ex-
plain the differences.

Integrated reasoning: Based on the analyzed consis-
tency, ultimately infer why the actual behavior y; oc-
curred. In cases of mismatch, specifically describe which
intentional elements suppressed habitual responses.

R?fsmw(ht) clarifies individual DPT dynamics, enhanc-
ing interpretability by showing when users rely on habitual
shortcuts versus conscious deliberation.

Personalized Prediction

To predict future user behavior, we integrate three compo-
nents: habitual profiles, intentional profiles, and the most rel-
evant history-rationale pair. Given a new query z,,, TRIPLE
identifies the most relevant history h, from W; by using
BM25 (Robertson, Zaragoza et al. 2009), and retrieves the

mapped R (k). This in-context example shows how the
user previously balanced habits and intentions, guiding the
LLM to mirror that decision style. TRIPLE then integrates

T, both profiles, and the retrieved example, predicting the
user behavior 9,, and rationale Rﬁredm(a:n), as follows:

(0, R (20) =
Epredict(Ppredicty {xm PJ{ (t)7 PJ (t), h*a R};Stmy(h*)}) (5)

where Lprdict denotes the LLM model, and the prompt
Phpredict instructs the LLM to predict user behavior and gen-
erate a behavioral rationale following step-by-step guide-
lines. This DPT-based reasoning learns from past dynamic
decision-making, yielding higher accuracy and personaliza-
tion than relying on static profiles only.

Experiments
Experimental Setup

Dataset and Tasks We conduct experiments using
LaMP (Salemi et al. 2023), a LLM personalization bench-
mark. Following prior research (Zhuang et al. 2024), We
evaluate TRIPLE on five tasks spanning both classifica-
tion and generation tasks: (1) personalized news catego-
rization LaMP-2N, (2) personalized movie tagging LaMP-
2M, (3) personalized rating prediction LaMP-3, (4) person-
alized news headline generation LaMP-4, and (5) person-
alized scholarly title generation LaMP-5. The data follows
LaMP’s time-based split, where profiles are created from
historical data and evaluated on future data, reflecting real-
world scenarios. Following the experimental setup of prior
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work (Zhuang et al. 2024), we randomly select 50 users for
LaMP-2N/M and 100 users for LaMP-3/4/5. Each user pro-
file contains up to 10 most recent data points, with evalua-
tion on 4 test samples per user for LaMP-2N/M and 10 test
samples per user for LaMP-3/4/5.

Implementation Details We compare TRIPLE against
existing in-context learning-based profiling methods for per-
sonalization. These methods explicitly construct user pro-
files and incorporate them into prompts, enabling LLMs
to generate outputs without fine-tuning. Our evaluation in-
cludes four profiling approaches: PAG (Richardson et al.
2023), ONCE (Liu et al. 2024), GPG (Zhang 2024), and
PURE (Bang and Song 2025), along with a zero-shot base-
line. To implement TRIPLE, we employed LLaMA-3 In-
struct models of multiple sizes (Grattafiori et al. 2024).

Main Results

To evaluate the effectiveness of our proposed framework, we
conducted a comprehensive set of experiments on five dis-
tinct personalization tasks from the LaMP benchmark, using
three different open-source Large Language Models. Com-
parative results against established in-context learning pro-
filing methods are detailed in Table 2.

Empirical results reveal that TRIPLE consistently
achieves superior or highly competitive performance across
all tasks. Its advantages are especially prominent in the two
generative tasks: news headline generation (LaMP-4) and
scholarly title generation (LaMP-5). On these tasks, which
demand a deeper understanding of a user’s nuanced creative
and stylistic preferences, TRIPLE achieves state-of-the-art
performance by a significant margin across all evaluation
metrics (ROUGE-1, ROUGE-L, and BLEU).

This significant improvement on generative tasks can be
attributed to TRIPLE’s unique architecture. By explicitly
modeling both a user’s stable Habitual Behavior Profile and
their dynamic Intentional Behavior Profile, TRIPLE cap-
tures a more comprehensive and psychologically-grounded
representation of the user. The Behavioral Rationale further
guides the model to understand how and why a user arbi-
trates between habit and intention in a given context, a cru-
cial factor for replicating generative styles.

Furthermore, TRIPLE also secures top-tier performance
on classification (LaMP-2N, LaMP-2M) and regression
(LaMP-3) tasks, underscoring the versatility and robustness
of our theory-grounded approach. These findings validate
our central hypothesis: integrating validated behavioral sci-
ence theories into LLM-based user modeling yields substan-
tial gains in both predictive and generative personalization.

Ablation Studies

To evaluate the contribution of each component, we con-
ducted an ablation study. Table 3 presents the results. The
findings first underscore the distinct roles of the two profiles.
The Habitual Profile alone establishes a remarkably strong
baseline, even outperforming the full model on LaMP-2N.
This suggests that stable, long-term behavioral patterns pro-
vide a powerful foundation for personalization. The Inten-
tional Profile is less effective in isolation but captures a dif-



Dataset (—) LaMP-2N LaMP-2M LaMP-3 LaMP-4 LaMP-5
Model (}) Method (]) Acc? F-11 Acct F-117 MAE] RMSE| R-17 RLt BLEU{ R-1{ R-LT BLEU?
Zero-shot 0.690 0447 0310 0282 0349 0679 0131 0117 0802 0402 0341  4.048
PAG (Richardson etal. 2023) 0720 0486 0.585 0448 0316 0643 0098 0086 0475 0.144 0.128  1.200
LLaMA3.1-70B-Instruct  ONCE (Liu et al. 2024) 0795 0564 0535 0363 0358 0769 0098 0087 0492 0.139 0.120 1380
: GPG (Zhang 2024) 0735 0478 0580 0432 0322 0666 0119 0106 1733 0407 0341  7.341
PURE (Bang and Song 2025) 0.725 0462 0325 0247 0405 0856 0.120 0106 0511 0416 0344  6.627
TRIPLE (Ours) 0795 0.573 0.610 0.487 0280  0.603  0.197 0.180 4994 0493 0430 11.467
Zero-shot 0.655 0466 0265 0205 0443 0766 0091 0080 0256 0.132 0120 1421
PAG (Richardson et al. 2023) 0785 0.528 0455 0.337 0426 0877 0051 0044 0234 0128 0.114 0.842
ONCE (Liu et al. 2024) 0.805 0613 0445 0278 0464 0962 0070 0061 0364 0.129 0.108  1.230

LLaMA-3.1-8B-Instruct  Gp5' (7hano 2024) 0780 0.617 0.465

PURE (Bang and Song 2025) 0.635 0.375 0.220

0.301  0.352 0.691 0.108  0.095 0.961 .
0.126  0.941 1.469  0.074 0.067 0255  0.111  0.096 1.158

TRIPLE (Ours) 0.800 0.613 0470 0.313  0.302 0.660 0163 0.149  3.868 0.465 0.400 10.515

Zero-shot 0.630 0.392 0.280 0.144 0.541 0.852  0.113 0.099 0418 0.137 0.124 1.357

PAG (Richardson et al. 2023)  0.760 0.503 0.435 0.331 0.378 0.731 0.121  0.108 1.473 0427 0.355 7.620

LLaMA-3.2-3B-Instruct ONCE (Liu et al. 2024) 0.730  0.541 0355 0.173  0.544 0958  0.068 0.059 0287 0.135 0.113 1.249
’ ) GPG (Zhang 2024) 0.635 0360 0420 0.166 0.362 0.721  0.112  0.098 1.174 0376 0308  5.160

PURE (Bang and Song 2025) 0.480 0.188 0.150 0.024  0.572 1.071 0.107 0.092 0348 0376 0.301 4.896

TRIPLE (Ours) 0.770  0.585 0.475 0.290 0.361 0.745 0144 0.130 2.873 0445 0377 8.758

Table 2: Main experiment results on the LaMP benchmark. R-1 and R-L represent ROUGE-1 and ROUGE-L. 1 denotes that
higher values are better, while | implies that lower values are preferred. The best score for each task is highlighted in bold.

Method \ Components LaMP-2N LaMP-2M LaMP-3 LaMP-4 LaMP-5
| Habit Intention Rationale | Acct F-17 Acct F-17 MAE| RMSE] R-17 R-LT BLEUT R-17 R-LT BLEUT?T
Baseline | X X X | 0755 0529 0425 0.339 0.308 0.641 0.137 0.123 2.947 0.372  0.304 4.048
X X 0.805 0.540 0.545 0389 0.294 0.608 0.161 0.153 4.394 0.334  0.288 10.178
Ours X X 0.780 0.533 0.535 0425 0.328 0.654 0.152  0.137 2.656 0.459 0.394 9.049
X 0.790 0.534 0.648 0.430 0.290 0.653 0.168  0.154 3.810 0473 0.407 10.484

0.795 0.573 0.610 0.487

0.280 0.603 0.197 0.180 4994 0493 0430 11.467

Table 3: Ablation study of TRIPLE’s core components on the LaMP dataset, conducted with the Llama-3.1-70B-Instruct model.
The baseline (first row) uses a standard in-context learning approach with the 10 most recent raw user history records. The
highlighted row represents the full TRIPLE model with all components.

ferent dimension of user behavior. The most critical insight
emerges when both profiles are included without the Behav-
ioral Rationale. In this configuration, performance degrades
on several tasks compared to using the Habit profile alone.
This indicates that simply combining two profiles can intro-
duce conflicting signals, potentially “confusing” the LLM
due to an absence of a mechanism to arbitrate between ha-
bitual tendencies and situational intentions.

The Behavioral Rationale addresses this challenge by
serving as an explicit reasoning scaffold that synthesizes the
two profiles into a coherent interpretation. When included,
the full TRIPLE exhibits significant performance gain across
tasks, particularly in generative settings. These results un-
derscore that the rationale is a core component that enables
the model to reconcile and dynamically weigh the influence
of habit and intention. This confirms the effectiveness of our
DPT-guided approach and highlights the important role of
interpretability in various user modeling scenarios.

Performance Analysis with Varying Context Size

Figure 3 shows how each method performs with varying &
used for personalized prediction, evaluating how effectively
additional user history improves performance. Overall, most
methods show performance improvements as k increases.
This suggests that LLMs benefit from additional behavioral
context when modeling user preference. However, the ex-
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tent of performance gains varies significantly across meth-
ods. Notably, TRIPLE achieves superior initial performance
across most tasks at k=1. At this level, repetitive behavioral
patterns are difficult to detect, so performance largely de-
pends on the model’s ability to infer a robust intentional
profile from a single behavior. While the baselines show
gradual performance improvements with increasing k, their
performance stagnates beyond k=4. This suggests that sim-
ply summarizing past behavioral data appears limited in its
ability to extract deeper insights from larger behavioral win-
dows.

In contrast, TRIPLE achieves the best performance across
all k£ values and demonstrates excellent scalability. As k in-
creases, TRIPLE shows more noticeable improvements than
other methods, leading to a widening performance gap with
the baselines. This trend is particularly pronounced on gen-
eration tasks (LaMP-4, LaMP-5), where TRIPLE’s BLEU
score increase steadily, while baseline models stagnate (Fig-
ure 3). This demonstrates that TRIPLE’s superior capacity
to capture and replicate nuanced, personalized generative
styles based on rich behavioral histories.

Qualitative study

We conduct a qualitative analysis to assess the interpretabil-
ity and psychological grounding of the profiles and ratio-
nales generated by TRIPLE. A key limitation of existing
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Figure 3: Performance variation of different profiles as a function of % values.
In many Twitter studies, it is important to know where a tweet came from a user habitually began titles Wlth aCtion Verbs (e,g,, “using
Paver in order to use the tweet content to study regional user behavior. [...] Our h lk ‘E 1 . 5 cU d t d ) ‘E t t' s t
Abisltl;?ict experiments demonstrate that our neural model substantially outperforms p ras.es 1Ke Xploring-, nderstan lng_ , OF Xlracting" 1o
baseline methods, achieving 52.8% accuracy and 92.1% accuracy on city- describe the research ...), but the final title adopted a more
level and country-level prediction respectively. formal academic structure (“On Predicting...”). The gener-
Title On Predicting Geolocation of Tweets using Convolutional Neural Networks. . o .
- - - : - - - ated rationale stated “The TPB factors overrode the habit-
The author's habitual title patterns include using action verbs like . . R
'Exploring’, 'Understanding’, and 'Extracting' to describe the research ual response to create a title that meets established academic
Habitual || ocess, and Incorporatinegieyfconceptsionimetiiodolos esiikeasent standards.” This reasoning reveals a cognitive conflict and its
Profile based dynamic network simulation, 'social media analytics', and . . . . A .
'probabilistic geographical aspect-opinion model' to highlight the I'CSOllltIOH, 1llustrat1ng how Sllb_]eCthC norms—the percelved
f]tl‘e“y”:tsr::n"l‘::ﬁ"t‘l’l‘:;‘sPresemmg findings related to social media analysis, pressure to conform to academic conventions—can override
A. Attitude: The user has a positive evaluation of titles that balance automgtlc tendenqes. By }dpntlfymg and.explam'mg the psy-
creativity, accuracy, informativeness, innovation, thoroughness, and chological mechanism driving the behavioral shift, TRIPLE
real-world impact, [...] They believe such titles can lead to valuable s :
outcomes, such as increased academic impact, engagement, and offers a nuanced account of user d.e01510n-1.nak1ng. TRIPLE
suitability for publication in reputable journals. demonstrates a depth of psychological fidelity that surpasses
Intentional|B. Subjective norm: The user feels pressure to conform to established atd S .
Profile academic norms that prioritize clarity, concision, accuracy, ex1st1ng €mp 1.1'1C211 approach@s, Wthh often lack the structure
informativeness, [...] adhere to a formal and objective tone. to capture or interpret such interactions. See the supplemen-
C. Perceived behavioral control: The user feels confident in their ability : 5 :
to generate effective titles that accurately reflect the content, driven tary file for this user’s paSt behavior and more examples'
by their perceived expertise in the field, understanding of
methodologies and approaches, [...]
The researcher chose the title 'On Predicting Geolocation of Tweets using .
Convolutional Neural Networks' due to a combination of habitual and COHCIUSIOH
deliberate cognitive processes. Their habitual writing patterns, ...
Behavior |influenced the use of action verbs [...] but the TPB factors, particularly
Rationale |the subjective norm and perceived behavioral control, led to a more . L. .
concise and formal title that prioritizes clarity and accuracy. The TPB This paper addresses a key limitation in current LLM-
factors foverrode thefhabitual fresponse to create a title that meets based personalization: a reliance on empirical heuristics that
est d acad tandards and expectations.

Figure 4: Examples of the profiles and the Behavior Ratio-
nale generated by TRIPLE on the LaMP-5.

methods lies in their inability to provide transparent expla-
nations for user behavior. In contrast, our analysis demon-
strates how TRIPLE overcomes this by explicitly modeling
the dual-process nature of human cognition—capturing the
interaction between habitual and intentional behaviors—and
articulates this dynamic through clear, natural language ra-
tionales. For instance, in a LaMP-5, TRIPLE generates the
following rationale for a user’s final title choice: “The title
was selected due to the alignment of their habitual writing
patterns and TPB factors.” This rationale clarifies that the
user’s automatic tendency to write concise, descriptive ti-
tles was consistent with their conscious intention to commu-
nicate research effectively, as defined by their TPB profile.
This showcases TRIPLE’s ability to predict and explain de-
cisions with cognitive transparency.

TRIPLE also demonstrates its unique strength in situ-
ations where a user’s habitual tendencies and intentional
goals are in conflict. As can be seen in the habitual profile,
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overlook the psychological mechanisms driving human be-
havior. We introduced TRIPLE, a novel framework that
models users by integrating established behavioral theories
from social psychology. Grounded in Dual-Process Theory,
TRIPLE constructs two distinct profiles: a Habitual Profile,
derived from repetitive behavioral patterns, and an Inten-
tional Profile, based on the Theory of Planned Behavior
(TPB). TRIPLE generates a Behavioral Rationale, an ex-
plicit explanation of how these two profiles interact to pro-
duce a final action. Experiments on the LaMP benchmark
demonstrated that TRIPLE consistently outperformed exist-
ing in-context learning methods across multiple open-source
LLMs. Ablation studies further confirmed that each com-
ponent contributes to its overall performance. Overall, the
primary contribution of this work lies in the successful inte-
gration of behavioral theories into LLM-based personaliza-
tion, supported by a generalizable framework that can be ex-
tended to other theoretical models and user-centric applica-
tions. By modeling not only what users do but also why they
do it, TRIPLE advances a new, theoretically grounded di-
rection for user modeling. This research serves as a founda-
tional example of theory-driven Al that can deepen human-
Al interaction in personalization and beyond.
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