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ARTICLE INFO ABSTRACT

Keywords: Recommender systems significantly improve the quality and confidence of consumer decisions by alleviating
Recommender systems information overload through streamlined retrieval, playing a vital role in e-commerce platforms. However,
Information foraging theory most recommender systems underutilize contextual information and fail to explicitly model users’ cognitive

Cognitive process-aware decision support
Deep learning
Design science

processes, leading to biased preference learning. Drawing on information foraging theory, this study adopts
the design science research methodology to develop Tiresias, a framework that aligns with users’ cognitive
processes by mimicking how proximal cues and foraging costs are assessed for each product. Proximal cues
such as product category and affinitive relationships, and foraging costs such as behavior type, dwell time,
and foraging progression, are identified and encoded as learnable features. To model the product-foraging
journey, Typhon is designed as a Kolmogorov-Arnold network-enhanced differential transformer with a non-
invasive feature injection mechanism. A multi-task learning objective that combines next-product prediction
with auxiliary cue and cost prediction refines contextualized preference representations. Experiments on
datasets show that Tiresias achieves state-of-the-art performance, outperforming baselines by up to 5.44%.
Finally, post-hoc analysis reveals learned representation patterns consistent with dynamic preference evolution
throughout the user’s product foraging journey. Methodologically, the study demonstrates how information
foraging theory can guide feature selection, feature learning, and objective design. Practically, the study offers
actionable insights for developing cognitive process-aware recommender systems that better support consumer
decision-making.

1. Introduction than a principled understanding of how signals inform user decision-

making, leading to the omission of meaningful cues and an incomplete

Recommender systems are core infrastructure in e-commerce plat— representation of users’ Cognitive processes. For example, many Sso-

forms, driving user engagement, conversions, and substantial business cial recommender systems [7-9] overlook dwell time and thus fail to
value [1]. However, their effectiveness is constrained by data sparsity, capture users’ depth of engagement with specific products.

arising from the mismatch between limited user attention and the Motivated by these limitations, this study examines two research

scale of available products, which degrades recommendation perfor-
mance [2-4]. To mitigate this issue, recent research incorporates side
information to enrich user and item representations across five major
paradigms: sequential [2], temporal [5], multi-behavior [3], attribute-
aware [4], and social recommendation [6]. These approaches encode
complementary signals, including interaction order and timing, het-
erogeneous user actions, item attributes, and user-user relationships.
However, feature selection is typically driven by data availability rather

questions: (i) which features should be selected from recommendation
contexts, and (ii) how contextualized user preferences can be captured
from these features. For the first, a promising approach is to ground fea-
ture selection in human decision-making processes. Cognitive theories
provide guidance for decision support system design by clarifying how
factors shape users’ information processing [10], and their application
in recommender systems has shown early success [11]. For instance,
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Fig. 1. Comparison of the proposed recommendation framework with existing approaches.

DeepRM-TC [11] aligns its architecture with four cognitive stages
(i.e., interpretation, retrieval, judgment, and response selection) but
focuses on modular design rather than identifying critical contextual
features. For the second question, sequence-based and graph-based
feature learning frameworks [12,13] are constrained by ineffective
feature utilization and partial feature perception. As shown in Fig.
1, sequence-based methods fuse features invasively before sequential
modeling, while graph-based methods encode them as nodes and edges
in a heterogeneous graph. Both rely on auxiliary feature injection,
where rich side information can overwhelm core product features [14],
leading to unstable learning. They also capture features incompletely:
sequence-based frameworks overlook affinitive user influence, whereas
graph-based frameworks underutilize fine-grained temporal signals,
resulting in suboptimal performance.

Following a design science research methodology [15], this study
develops an artifact, Tiresias, to address the aforementioned two re-
search questions. Tiresias is a cognitively grounded recommendation
framework that leverages information foraging theory (IFT) to guide
feature selection, feature learning, and parameter optimization. IFT
conceptualizes navigation in complex environments as movement
across information patches based on perceived value signals and for-
aging costs. In e-commerce, the product-seeking journey is modeled
as an information foraging process in which users evaluate product
pages by weighing proximal cues (e.g., product category and affinitive
relationships) against foraging costs (e.g., behavior type, dwell time,
and foraging progression). These cues and costs are parameterized
as learnable feature representations to inform preference learning.
Given the sequential and noisy nature of user interactions, the IFT-
guided user preference extractor is designed as a denoising sequential
model that captures the evolution of user preferences. Its core module,
Typhon, employs a Kolmogorov-Arnold network-enhanced differential
transformer with a non-invasive feature injection mechanism, enabling
theory-guided features to be integrated without overwhelming primary
product signals. To incorporate graph-structured affinitive relation-
ships, a lightweight graph learning module is introduced to refine
preference representations. A multi-task learning objective combines
next-product prediction with auxiliary cue and cost prediction, encour-
aging the model to capture underlying decision mechanisms. Finally,
the evaluation follows the design science validity framework [16] to
articulate the study’s knowledge claims.

This study makes three main contributions. First, it positions IFT as
a key design principle for recommender systems, thereby contributing
to the design science literature on theory-driven decision support. In the
proposed framework, IFT implies that proximal cues and foraging costs
guide the assessment of information patches, which in turn motivates a
theory-based feature selection strategy, a multi-task learning objective,
and the sequential modeling of the product-foraging journey imple-
mented in Typhon. Second, the study broadens the application scope
of IFT by using it to guide recommender system design. Although IFT
has been employed to explain decision-making in information retrieval
and to inform the design of software engineering tools [17,18] and user
interfaces [19,20], its potential in recommender systems has yet to be
fully realized; this work provides a concrete instantiation in this domain
and offers a novel theoretical lens for understanding and modeling
product-foraging sequences. Third, by adopting IFT as a foundational
principle for structuring contextual signals, the framework shows that
several seemingly distinct recommendation tasks, such as temporal

and attribute-aware recommendation, can be interpreted as special
cases within a unified formulation, thereby fostering a more integrated
understanding of disparate recommendation settings. Extensive experi-
ments on two real-world datasets demonstrate that Tiresias consistently
outperforms 30 representative baseline models, while ablation studies
substantiate the effectiveness of the theory-guided feature selection and
feature learning components.

2. Related work

This section reviews deep learning-based recommender systems and
related research on web browsing behavior for personalized recommen-
dation. It then introduces IFT as a framework for understanding and
supporting information-intensive decision-making.

2.1. Web browsing patterns in personalized recommendation

Web browsing patterns serve as an informative feedback source
for personalized recommendation systems, reflecting user preferences,
content satisfaction, and decision-making processes during interactions.
This subsection focuses on two widely studied dimensions of browsing
patterns: page visit logs and dwell time.

Page visit logs, which capture users’ actions and product character-
istics, are widely used to model browsing patterns in recommendation.
Liang et al. [21] propose a semantic-expansion approach that con-
structs user interest profiles from previously browsed documents. Wang
et al. [22] model website navigation sessions as directed graphs, where
nodes represent web pages and edges denote user click paths. Kim
et al. [23] transform session-based clickstream data into product- and
page-level graph structures, extracting graph metrics to capture com-
plex browsing patterns. In contrast, dwell time complements page
visit logs by distinguishing meaningful interactions from accidental
clicks, thereby reflecting user engagement. Yi et al. [24] incorporate
dwell time into learning-to-rank and collaborative filtering frameworks,
demonstrating improvements over click-only signals. Zhao et al. [25]
propose a duration-wise Gaussian Mixture Model to disentangle true
user interest from biased watch time. TE-GNN [26] integrates dwell
time and inter-visit intervals into session graphs to capture inter-
est drift. Bogina and Kuflik [27] incorporate dwell time into recur-
rent neural networks for session-based recommendation, while Mokryn
et al. [28] combine temporal signals and product popularity trends to
infer purchase intention.

Despite some achievements, existing research still suffers from two
limitations. First, existing research lack a principled theoretical lens
to determine which information from page visit logs should be incor-
porated into preference learning. On one hand, some studies indis-
criminately inject all available contextual information from page visit
logs into recommender systems in pursuit of information completeness.
This naive approach not only introduces massive redundant features
and noise, but also incurs prohibitive computational overhead that
hinders real-world deployment. On the other hand, popular sequential
recommender systems only consider product ID as the sole input,
discarding rich contextual signals contained within page visit logs. This
oversimplification fails to model users’ decision-making processes dur-
ing their product-seeking journeys, resulting in biased user preferences.
Second, existing research treat dwell time as a static weight for edges in
session graphs and a positional bias term in sequence modeling, failing
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to explore its latent relationships with other contextual information in
page visit logs. For example, accounting for behavior type and product
category enables more fine-grained user preference learning.

2.2. Deep learning-based product recommendation

Deep learning has become the dominant paradigm for modeling
complex nonlinear relationships in user—product interactions [29,30].
Recent studies propose increasingly sophisticated frameworks based
on architectures such as Transformers [29,31] and graph neural net-
works [30,32]. However, data sparsity in user—product interactions
continues to constrain performance. To address this issue, recent re-
search leverages side information to enrich user and product rep-
resentations, giving rise to subfields including sequential, temporal,
multi-behavior, attribute-aware, and social recommendation. Specifi-
cally, sequential recommendation captures the evolution of user in-
terests from historical sequences [2], while temporal recommendation
incorporates dynamics such as inter-event intervals and preference
periodicity [5]. Multi-behavior recommendation leverages diverse user
actions, such as viewing and purchasing, to construct richer preference
representations [3]. Attribute-aware recommendation integrates side
information from products and interaction contexts, such as category
and device, to improve performance [4]. Social recommendation ex-
ploits user relationships to infer preferences, grounded in theories such
as homophily and social influence [6]. Despite substantial progress,
many studies rely on a single feature-learning paradigm, resulting in
partial feature utilization. Sequential models cannot capture affinitive
relationships that naturally form graph structures, while graph-based
models fail to represent the sequential patterns and temporal dynamics
underlying user behavior. This limitation motivates hybrid approaches
that integrate both paradigms effectively.

2.3. Information foraging theory for decision support

IFT provides a principled framework for understanding how humans
search for information in complex environments [33]. Drawing on
an analogy with optimal foraging theory in ecology, it conceptualizes
humans as informavores who seek to maximize their rate of acquiring
valuable information per unit cost [20]. This perspective has proven
valuable across diverse decision support domains by offering predictive
models of user behavior and guiding the design of more effective
information systems [17-19]. Proximal cues and foraging costs are the
two foundational constructs of IFT. Specifically, proximal cues provide
value signals for users to assess potential patches’ expected information
gain, while foraging costs represent the cognitive resource consumption
users incur during information seeking journey.

The application of IFT spans empirical research [34] and design sci-
ence [35]. Empirical studies show that key information-seeking behav-
iors, such as link selection [36] and dwell time [37], can be modeled as
cost-benefit optimizations governed by perceived information scent. In
design science, IFT has informed the development of intuitive interfaces
for software debugging tools [17] and image retrieval systems [38],
where cues are designed to enhance information scent and reduce
foraging costs.

In the context of product recommendation, IFT provides a lens
for analyzing user decision-making beyond static preference matching.
Users navigate product spaces by following information scent derived
from proximal cues and perceived foraging costs, with products func-
tioning as information patches. This scent reflects users’ evaluation
of the value and cost associated with different information sources.
Their objective is to efficiently gather sufficient product information
to decide which products to engage with, through which behaviors
(e.g., viewing, adding to cart, purchasing), and for how long. Guided by
this perspective, the three core modules of Tiresias are designed under
the IFT framework. First, the IFT-guided feature selection module is
based on the premise that user decisions are shaped by both cues and
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costs, rather than a limited subset of product attributes. Existing sys-
tems often emphasize product-side features such as category [39] and
brand [40], which capture only partial value signals while overlooking
peer-derived cues and foraging costs. In contrast, our approach system-
atically selects features that map to IFT constructs, ensuring that the
input space reflects key decision drivers. Second, the IFT-guided user
preference extractor is motivated by the inherently sequential nature of
product foraging. Unlike static models that assume fixed preferences,
IFT suggests that users’ cost-benefit evaluations evolve throughout
the foraging process. Accordingly, we design a sequential learning
module that captures the dynamic evolution of user preferences across
interactions. Finally, the IFT-guided multi-task learning module reflects
the view that a user’s final interaction is the outcome of a continuous
cost-benefit trade-off. The primary next-product prediction task models
this outcome, while auxiliary cue and cost prediction tasks encourage
the model to capture the underlying decision mechanisms rather than
relying solely on correlational patterns.

3. Artifact description

As a fundamental problem-solving paradigm, design science re-
search focuses on creating and evaluating innovative artifacts to solve
real-world practical problems [41]. Following the well-established cri-
terion of design science research in recent works [42-44], we adopt
the six-step DSRM framework of Peffers et al. [15] to develop our
artifact Tiresias. This section presents a comprehensive description of
our artifact design.

3.1. Problem statement

Given a user’s sequential interaction history, the objective of prod-
uct recommendation is to generate a ranked list of top-K products
that the user is most likely to interact with next. Formally, let U =
(g, oosuy)) and V = {vy, ... S0} denote the sets of users and prod-
ucts, respectively. For a user u;, the interaction sequence is represented
as s; = {u’i, s uj} of length /. Users and products are projected into a
d-dimensional latent space, yielding initial embedding matrices E, €
RIVIX4 for users and E, € RIVIX¢ for products. In addition, contextual
information F is incorporated to alleviate data sparsity and facilitate
a deeper understanding of user intent. Therefore, the objective is to
predict the next product U;+1 that best aligns with the preference of
user u;, conditioned on the interaction sequence s; and contextual
information F. To this end, the recommender assigns a relevance score
to each candidate product and recommends the top-K ranked products.

3.2. The overall framework

As illustrated in Fig. 2, the proposed Tiresias framework comprises
three key modules. First, the IFT-guided feature selection module par-
titions side information into proximal cues and foraging costs and
parametrizes these information as learnable feature representations.
Specially, the Node2Vec is applied to the user affinity network, cap-
turing peer-derived foraging decision cues from users who share highly
similar product foraging experiences. Second, the IFT-guided user pref-
erence extractor is designed to model the evolution of user preferences
from their product-foraging journey. Serving as the core component
of this extractor, the Typhon module employs a Kolmogorov-Arnold
network-enhanced differential transformer with a noninvasive feature
injection mechanism to iteratively update product representations. Sub-
sequently, the unsqueeze and excitation network integrates short-term
and long-term user intents with static user features to obtain a com-
prehensive contextual preference representation. Third, the prediction
and IFT-guided optimization module refines user—product matching
through a multi-task learning objective that combines a primary next-
product prediction task with auxiliary tasks for predicting proximal
cues and foraging costs. The technical details of each module are
elaborated in the following subsections.
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Fig. 2. Overview of the proposed Tiresias framework.

3.3. Information foraging theory-guided feature selection

Because cognitive resources for processing information are lim-
ited [45], users in a given context evaluate potential benefits relative to
perceived costs by following the information scent of proximal cues. In
this study, five contextual features are considered: behavior type, dwell
time, foraging progression, product category, and affinitive relation-
ship. To remain consistent with IFT, these features are organized into
two conceptual categories: foraging costs and proximal cues. Specifi-
cally, we propose behavior type, dwell time, and foraging progression
as foraging costs to represent users’ resource consumption during their
product foraging journey. Moreover, we propose product category and
affinitive relationship as proximal cues to shape users’ expected benefits
of foraging behavior. The empirical support and operationalization for
each feature are described below.

(i) Behavior type as coarse-grained explicit foraging cost. In
the context of product recommendation, each distinct user behavior
type corresponds to a heterogeneous level of cognitive effort and
psychological risk, reflecting coarse-grained differences in the intensity
of user interest [32]. For example, viewing or browsing behaviors
demand minimal cognitive effort, as they only require users to scan
superficial product information without deep evaluation or deliberate
decision-making. These low-effort behaviors typically signal tentative,
exploratory foraging, where users incur minimal costs to gather pre-
liminary information about potential product patches [46]. In con-
trast, more involved behaviors, such as adding products to shopping
carts [47] and saving products to wish lists [48], require substantially
higher cognitive effort. Users need to assess the potential value of the
product to evaluate whether it fits with the requirements. This eval-
uation process incurs non-trivial cognitive costs [32]. Moreover, each
behavior type corresponds to a distinct level of risk exposure and asso-
ciated psychological cost. For example, purchasing behavior requires a
substantial cognitive cost [49], as it involves committing financial re-
sources [50], confronting the perceived pain of paying [51], and bear-
ing the psychological risk of post-purchase regret [52]. Additionally,
most online retailers enforce explicit limits on virtual shopping cart
capacity [53]. Every cart-addition action thus carries an inherent future
foraging cost: reaching the capacity limit forces users to complete
unplanned purchase or removal decisions to continue foraging [53].
This forced decision-making induces cognitive dissonance [54], whose
resolution requires extra cognitive effort. Accordingly, by operational-
izing behavior type as a foraging cost, our framework incorporates the
cost-benefit trade-offs that govern user decision-making. Formally, let
B = {by,..., b g} denote the set of all possible behaviors in a dataset,
and let E, € RIBX4 be the corresponding behavior embedding matrix.

(ii) Dwell time as fine-grained explicit foraging cost. Unlike the
coarse-grained cost differentiation captured by behavior type, dwell
time provides fine-grained quantification of cognitive foraging costs
across user-product interactions [55]. For online consumers, time sav-
ing is a primary motivation for choosing e-commerce channels [56].
For online information foragers, time is an inherently scarce resource.
The time a user allocates to examining a specific product cannot
be reallocated to exploring alternative product information patches,
which generates an unavoidable opportunity cost of foraging [57].
Additionally, dwell time serves as an objective and widely validated
surrogate measure of the cognitive effort dimension of foraging costs.
For example, a negligible dwell time typically reflects minimal cog-
nitive engagement (e.g., accidental clicks or superficial scanning), in-
curring lower cognitive foraging costs. Moreover, a sustained dwell
time indicates deliberate and effortful product evaluation that imposes
substantial cognitive costs on the user [57]. To effectively model dwell
time, a time-interval encoding mechanism is introduced. Specifically,
the time interval between two consecutive interactions is computed and
then clipped at a predefined threshold ¢, to mitigate the influence of
outliers caused by prolonged inactivity or background usage. Formally,
4;; = min(ty,,,|t; — 1), where #; and ¢; denote the timestamps of
interactions. They are then mapped into an embedding matrix E, €
RUmax*t1Xd " where zero index serves as a padding token.

(iii) Foraging progression as implicit foraging cost. Unlike ex-
plicit costs (immediate, single-interaction effort), foraging progression
serves as a proxy for implicit costs, capturing latent cognitive burdens
(e.g., perceived time, effort, and complexity [58]) accumulated along
the foraging trail [37]. As the journey progresses, cumulative evalu-
ation load pushes users toward cognitive limits, increasing overload
risk and reducing decision quality [59]. For example, with identical
explicit costs (e.g., 10-second dwell time), evaluating the fifteenth
product incurs higher implicit cost than the second, as prior evaluations
deplete cognitive resources [60]. In addition, primacy and recency
effects [61] lead to stronger recall and preference for early and late
items. This variation is captured through foraging progression, typically
operationalized via learnable positional encoding. Formally, a posi-
tional embedding matrix E, € R4 is defined, where each embedding
represents the latent cognitive burden of its position index.

(iv) Product category as internal proximal cues. Product category
captures intrinsic characteristics of products and provides a founda-
tional semantic description, which can be viewed as internal proximal
cues. Specifically, it serves as the critical knowledge-organizing tools
that fundamentally shape how consumers interpret, evaluate, and make
sense of products [62]. Additionally, investigating users’ attention to
product categories offers a valuable lens through which to gain insights
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into the cognitive factors associated with their foraging behaviors. For
example, related literature suggests that utilitarian browsing behavior
is defined by a focused search within a specific product category,
as users rely on category boundaries to narrow their foraging scope
and avoid irrelevant information [63]. In contrast, hedonic browsing
behavior, which is dominated by exploratory search, is significantly
less focused, with users allocating more of their foraging session to
viewing broader category-level pages rather than individual product
pages [63]. This distinction in user behavior demonstrates that product
category acts as a proximal cue that signals the scope and relevance of
information patches, allowing users to select and adjust their foraging
strategy before committing to costly product-level evaluation. To op-
erationalize the internal proximal cues, we adopt learnable category
encoding. Formally, let C = {c|,...,¢|c|} denote the set of categories.
Each product v; € V is associated with a category ¢, € C. These
categories are mapped into a hidden feature matrix E, € RICX¢ to
capture category-aware preferences.

(v) Affinitive relationship as external proximal cues. Compared
to product category as the internal proximal cues, affinitive relationship
is conceptualized as external proximal cues that signals the foraging
paths of similar users to deliver valuable information scent. This opera-
tionalization is reflected in the pervasive design of modern e-commerce
platforms, which feature co-browsing recommendation modules with
headings such as “90% of users who viewed this product also viewed”
or “similar users also viewed” to surface this peer-derived signal to
foraging users. From the perspective of herd behavior theory, users rou-
tinely draw on the opinions and observed foraging behavior of others
to inform their own purchase decisions [64]. It often appears when
consumers lack confidence in their domain-specific product knowl-
edge [65], or when they are unwilling to expend extensive cognitive
effort on low-involvement products [66]. In fact, consumers often
assume that other users have superior information regarding product
quality and value, and therefore seek to align their own choices with
the collective behavior of their peers in order to minimize decision
risk [67]. Additionally, homophily theory posits that users tend to trust
and are more likely influenced by similar others [68]. Accordingly,
users often seek opinions from peers with similar experiences when
making decisions, and rely less on their own private information [69].
To this end, affinitive relationships are extracted from user—product
interactions by computing the Jaccard similarity between pairs of
users [70]. Formally, sim; :z’sz’ :, where s; and s; denote the
interaction sequences of users u; and u;, respectively. To filter out
low-confidence connections, only the top 1% reliable relationships
are retained. After extracting affinitive relationships, we construct a
static user affinity network G,, = (V,,&,,), where V, denotes the
set of user nodes and &, represents the set of edges corresponding
to high-confidence affinitive relationships. On top of this network,
Node2Vec [71] is employed to derive user affinity features E,, €
RIVIXd that encode the influence of similar users in the interaction
space. To preserve these static relational priors, E,,, is frozen during
subsequent model training. This parameter freezing not only reduces
the effective model complexity and mitigates the risk of overfitting, but
also enables the downstream sequential component to concentrate on
capturing users’ evolving dynamic preferences rather than relearning
stable relational structure.

3.4. Information foraging theory-guided user preference extractor

Fig. 3 shows that Typhon builds on Transformer-based models [29,
31,43] and is tailored to model users’ foraging patterns by integrat-
ing contextual features, including behavior type, dwell time, foraging
progression, and product category. Rather than adopting a vanilla
Transformer, it introduces components for heterogeneous signals. Cen-
tral to this design is a noninvasive feature injection strategy that
preserves product representations while enabling contextual guidance.
Specifically, query and key are derived from a mixture of product and
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contextual features, whereas value is computed solely from product
embeddings:

0, = (E, + E[' + E}*! + EX)W), €]
Ky = (E, " + E*" + B + EXDW,, 2
Vip = E;f'Wy, ©)

where E%Y € R*? denotes the corresponding feature sequence re-
trieved from the initial embedding matrix according to the product IDs
in the foraging trail, and W), Wy, W;} € R¥*? are trainable parameters.
Motivated by recent advances in large language models (LLMs), we
employ rotary position embeddings (RoPE) [72] instead of standard
learnable positional encodings, owing to their superior training stability
and generalization. In particular, RoPE applies a position-dependent
rotation matrix to the query and key vectors, enabling the model to
capture absolute and relative positional dependencies simultaneously.

ROPE also offers an important context-aware advantage. Standard
learnable positional encodings are detached from the information for-
aging context, whereas RoPE is applied within the self-attention mech-
anism directly to the context-enriched query and key vectors. Conse-
quently, the rotation introduced by RoPE encodes positional informa-
tion in a manner that is conditioned on the user’s current foraging state.
For a query vector g, at position m and a key vector k, at position
n, ROPE rotates them via rotary matrices M,, and M,, respectively, as
follows:

RoPE(G,)" - RoPE(k,) = (M,,q,)" (M,k,) = g M, _,k,. 4
M, )
cosmf; —sinmb;
M, = , mo; = [ . ! ’], 5)
M,, sinmf;  cosmb;
moq /2

where the selection of rotation angles satisfies the frequency 6, =
10000-26-0/d i e [1,2,...,d/2].
Subsequently, the attention distribution is computed via:

KIT ) = Softmax( ROPE(Q,) RoPE(K))T > . (6)
d Vd
where Artn; € R/™! denotes the learned primary attention distribu-
tion. Subsequently, we introduce differential attention mechanism to
learn robust spiky attention distribution by calculating the difference
between two separate softmax attention distribution [73].

To this end, we learn an additional background attention distribu-
tion Artn, € R in a similar manner. The refined attention distribution
Attng;;, € R™! is then obtained as the element-wise difference:

o
Attn) = Softmax

Attng, ¢ r = Attny — AAttn,, (7)
A=exp(dg; - Ak1) —exp(Aga - Ak2) + Aiyiss ®
Ainir = 0.8 = 0.6 X exp(=0.3 X (f = 1)), 9

where 1 controls differential adjustment strength, iy, Ak1, Ag2, 4k2 €
R¢ are learnable vectors, 4, initializes A, and f denotes the Ty-
phon layer index. We follow the DIFF initialization strategy [74]. The
differential operation balances the spectral distribution of attention
matrices and mitigates rank collapse [74]. It also induces dynamic
sparsity, encouraging attention to focus on more attractive products.
The resulting Artn,;,, reflects the user’s assessment of value and cost
from proximal cues, encoding the information scent of each product.
Finally, the representation over previously foraged products is Ev*¢? =
Attndif fVp.

To enhance the nonlinear capacity of the differential self-attention
network, GR-KAN [75] is incorporated. Based on the Kolmogorov—
Arnold theorem, KAN [76] replaces fixed MLP activations with spline-
based learnable functions on edges, enabling more expressive approx-
imation. GR-KAN extends KAN with group-wise rational activations,
improved GPU efficiency, parameter sharing, and variance-preserving
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Fig. 3. Schematic view of our Typhon.

initialization for stable optimization. Formally, the GR-KAN module in
Typhon is defined as

E$*7 = (GR-KAN(GR-KAN(E**))W,)) W, (10)
d d
GR-KANG) = | 3 ;1 Fly/q 1 (x) > @iaFlija, ) an
i=1 i=1
ap +a;x; + -+ a,x;
F(x;) = , 12)
L+ |byx; + -+ b,x7|

where W,, W; € RY%¢ are trainable weight matrices, x; denotes the
ith input dimension, and g is the number of groups. Each group has
d, = d;,/g dimensions, and the group index of x; is given by [i/d,].
The function F(-) is an input-wise rational activation based on the Safe
Padé Activation Unit [77], with coefficients a, and b,, selected to ensure
stable training.

To improve both efficiency and stability, we also adopt dual dy-
namic Tanh [78,79]. Specifically, a dynamic Tanh (DyT) transforma-
tion is applied before the computation of the query, key, and value.
For example, Eq. (3) can be rewritten as

Vip = DyT(ES)W,}, (13)

DyT(x) = y - Tanh(ax) + §, a4

where «a is a learnable scalar parameter that allows scaling the input
differently based on its range. The learnable and per-channel vector
parameters f and y allow the output to scale back to any scales.
Moreover, we adopt DyT after stale differential attention calculation:
E;*" = DyT(Attng;;;V;p). Furthermore, we adopt dual dynamic Tanh
in non-linear modeling component:

E3 = DyT(GR-KAN(GR-KANDyT(EX“)W, ) ) Wi. 15)

For simplicity, the dropout operation, which is used to mitigate over-
fitting, is omitted from the equations.

Once context-aware product representations are obtained, a dual
soft-attention network constructs user preference representations by
jointly modeling short-term intent, long-term intent, and user-related
features. Short-term intent is represented by the last product in the
foraging sequence, i.e., A, = &,. Long-term intent is computed
through an attention-weighted aggregation of the interaction sequence:

h’long Z 5 Aseq (16)
V;E€Ss;

5= S/oftmax(WgT o ([Waeset I Wael + ™ 1| Wahgpun]))- an

= MLP(@E™) 18)

where e!€E, encodes the free (implicit) user preference and eh”’ € E,
encodes the user affinity derived from affinitive relatlonshlps. MLP(-)
denotes a three-layer MLP to refine the frozen user affinity feature,
aligning with the contextual user preference during product foraging
process. o(-) denotes the sigmoid activation function. The matrices
W, Ws, Wy € R™¥ and W; € R3 are learnable parameters of the
attention network.

Subsequently, a second soft-attention module is used to fuse the
three components into a contextual user preference representation h:

era = StaCk(VV7hshorr7 I/Véihlongv %(e? + e?m))’ (19)
€ = Softmax(H g,,), (20)
h = SqueezeSum(e © H ,,), 21

where © indicates element-wise multiplication and W5, Wy, W, € R¥*4
are learnable weight matrices. Here, Stack(-) creates an extra chan-
nel dimension used to store the three transformed feature vectors.
The attention weights ¢ are computed along this channel to quantify
the importance of each component, and SqueezeSum(-) performs an
attention-weighted summation over this channel followed by removing
it, resulting in the final contextual preference vector A.

3.5. Prediction and IFT-guided optimization module

To predict the next product, this module calculate the interaction
probability for each candidate product. Formally, =
Softmax(sim(h, ey,) /1), where = denotes the temperature parameter and
sim(-) denotes the cosine similarity. ¢ € E, denotes the embedding
feature of the candidate product v;. Furthermore, we design a multi-task
learning object function to optimize our Tiresias. The main task focuses
on predicting the next product interaction, while the auxiliary tasks
explicitly guide the model to develop a more nuanced understanding
of the decision-making context. Formally,

L = Lrain + {( Lo + Loost): (22)

P exp (sim( , 1+1 ) /T) ’ 23
Zujem exp (sim (h, e, ) /r)

2 = exp (sim (h,ef) /7) 24
g ZC clc| €XP (mm( ,ecj)/r)

2 = iog exp (sim (h, €]) /7) ’ 25)

Zb/e|B\ exp (Sim (h, ebj) /z-)

where ¢ is the loss weight for the auxiliary cue and cost prediction
tasks. e, - € E, denotes the ground-truth product feature, while ¢ €
E, and ¢f € E, represent the category and behavior features of the
ground-truth product, respectively. To mitigate overfitting, we apply
dropout to candidate product features. In addition, the normalized
temperature-scaled cross-entropy loss improves feature alignment and
uniformity, enhancing discrimination. This multi-task learning objec-
tive encourages latent representations to capture behavioral patterns
and the cognitive processes of cue evaluation and cost assessment
underlying information foraging.
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3.6. Model design analysis

This section first provides a time complexity analysis of the current
implementation of our model to evaluate its scalability and deploy-
ment feasibility. Then, we disentangle theory-driven design logic from
implementation-specific choices to define the generalizable contribu-
tion of our work.

Three key theory-driven design logics form the irreducible the-
oretical core of our work. The first is systematic IFT-based feature
categorization, which facilitates theory-driven feature discovery and
classification, moving beyond the ad-hoc heuristic feature engineering
common in existing recommendation systems. The second is the multi-
task learning objective that aligns model training directly with IFT’s
core cost-benefit trade-off insight. The third is the explicit dynamic
sequential modeling of user preference evolution, which captures the
inherently temporal and progressive nature of product foraging jour-
neys. Beyond these design logics, several components are included for
superior performance and can be replaced in other implementations.
Specifically, our Typhon, the KAN-enhanced differential transformer,
improves the accuracy and efficiency of sequential preference model-
ing compared to vanilla transformer and recurrent neural networks.
Moreover, the Node2Vec feature extraction method used for graph
embedding can also be replaced with alternative graph neural networks
without affecting the overall theoretical framework.

The time complexity of Tiresias comprises five components. The
IFT-guided feature selection module has complexity O(|U|np(d + 1)),
where n and p denote the number and length of random walks. Typhon
has complexity O(2  d +1,,,.d?), where I, is the maximum foraging
trail length. The contextual preference extractor requires O(/,,,.d +
I.axd?), and the prediction and IFT-guided optimization module re-
quires O(|V|d). Overall, the complexity is O(|U |np+(|V | + 1,05 + U |np+
12 )d+2l,,.d%), where |U| and |V| dominate. In practice, pre-training
is used to capture user affinity features, which are then frozen to
reduce overhead during main training. In addition, attention accelera-
tion methods (e.g., flash attention) and modern hardware (e.g., GPUs)
further improve efficiency, enabling scalable deployment.

4. Experiments

To demonstrate the effectiveness of Tiresias, the evaluation follows
the design science validity framework of Larsen et al. [16], which
defines three knowledge claims: criterion, causal, and context. Crite-
rion claims are validated through overall performance comparisons
(Section 4.3), demonstrating superiority over state-of-the-art methods.
Causal claims are examined via ablation studies (Section 4.4), isolating
the contribution of each component. Context claims are established
through robustness analysis (Section 4.6) and a foraging trail length-
based user group study (Section 4.5), identifying conditions where the
framework performs effectively. Finally, post-hoc analysis provides an
intuitive understanding of the framework’s operation.

4.1. Datasets, metrics and baseline models

Two publicly available e-commerce datasets from Kaggle are used:
Cosmetics and Electronics Store. The Cosmetics dataset contains user
event data from an online cosmetics shop, organized into five monthly
subsets (Oct 2019-Feb 2020), with four interaction types: view, add-
to-cart, remove-from-cart, and transaction.? Due to its large scale and
inconsistent user and product identifiers across months, each subset
is used independently. The Electronics Store dataset records sequen-
tial user interactions over approximately five months, including three
behaviors: view, cart, and purchase.® Key statistics are summarized in
Table 1.

2 www.kaggle.com/datasets/mkechinov/ecommerce-events-history-in-

cosmetics-shop.
3 www.kaggle.com/datasets/mkechinov/ecommerce-events-history-in-
electronics-store.
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Fig. 4. Top-5 recommendation lists and predicted interaction probabilities of
our Tiresias and four variants.

Recommendation performance is evaluated using Recall, MRR, and
NDCG at cutoffs 5 and 10. To ensure unbiased evaluation, a full-
ranking strategy is adopted [80], ranking the ground-truth item for
each user against all others in the catalog. Interactions are ordered
chronologically with a leave-one-out split: the last interaction for test-
ing, the second last for validation, and the remainder for training. All
experiments are repeated five times with different random seeds, and
average results are reported.

Tiresias is benchmarked against 30 representative baselines across
diverse recommendation domains (Table 2). The implementation builds
on RecBole [81] and RecBole-GNN [82] to ensure reproducibility.
Unless specified, the embedding dimension is 64, dropout 0.2, and tem-
perature 0.07. The number of layers is tuned from 1, 2, 3, 4, 5, attention
heads from 1, 2, 4, 8, loss weight from 1le-4, 1e-3, 1le-2, 1le-1, 1, time-
interval threshold from 8, 16, 32, 64, 128, and foraging trail length
from 3, 5, 10, 50, 100, 150. The AdamW optimizer [83] with a learning
rate of 0.001 is used, with early stopping (patience 5) based on vali-
dation NDCG@10. For baselines, RecBole and SSLRec [84] and official
code (when available) are used, reporting best performance; original
hyperparameters are followed where possible and tuned otherwise.*

4.2. Visualized case study

This section presents a case study illustrating how key components
of Tiresias affect the final recommendation list. Tiresias and four vari-
ants are implemented on the Electronics Store dataset: (i) SASRec-only
ID, which removes all contextual information and uses vanilla self-
attention; (ii) Tiresias-only ID, which removes contextual information;
(iii) Tiresias—w/o cues, which removes proximal cues; and (iv) Tiresias—
w/o costs, which removes foraging costs. A random user is selected,
and the top-5 recommendations from each model, with predicted in-
teraction probabilities, are compared. Fig. 4 highlights the difficulty
of modeling user interests with limited information. SASRec-only ID is
sensitive to incidental actions and fails to capture the user’s interest
in processors. Proximal cues and foraging costs better capture user
intentions by aligning with cognitive processes. Tiresias-only ID fails to
detect the user’s strong preference for video cards, while Tiresias—w/o
cues and Tiresias-w/o costs miss fine-grained preferences for specific
video card types.

4 The implementation of Tiresias is available at: https://anonymous.4open.
science/r/Tiresias-0541.


http://www.kaggle.com/datasets/mkechinov/ecommerce-events-history-in-cosmetics-shop
http://www.kaggle.com/datasets/mkechinov/ecommerce-events-history-in-cosmetics-shop
http://www.kaggle.com/datasets/mkechinov/ecommerce-events-history-in-electronics-store
http://www.kaggle.com/datasets/mkechinov/ecommerce-events-history-in-electronics-store
https://anonymous.4open.science/r/Tiresias-0541
https://anonymous.4open.science/r/Tiresias-0541

W. Li et al.

Decision Support Systems 209 (2026) 114740

Table 1

Statistics of the datasets.
Dataset # users # products # view # add-to-cart # remove-from-cart # purchase # relationships # category Avg. trail length
Cosmetics 2019 Oct 399 664 41899 1862164 1232385 762110 245624 922009 490 10.26
Cosmetics 2019 Nov 368232 43419 2076132 1311807 925481 322417 1330539 491 12.59
Cosmetics 2019 Dec 370154 44624 1728331 927124 664 655 213176 1329312 482 9.55
Cosmetics 2020 Jan 410073 45484 2037 608 1148323 815024 263797 1545573 482 10.40
Cosmetics 2020 Feb 391055 48579 1953586 1148694 812409 241993 1252833 487 10.63
Electronics Store 490399 53453 793089 54032 - 37343 414117 718 1.8

Table 2

Summary of the baseline models and our Tiresias.
Model Foraging costs Proximal cues Framework Main approaches

Behavior type Dwell time Foraging progression Product category Homo. relationship Sequence-based Graph-based

Pop X
Item-KNN [85] X
LightGCN [86] x
HNECL [87] X
GRU4Rec [88] X
NARM [89] X
Muffin [90] X
DiffuRec [91] X
SocialLGN [8] X
SERec [92] X
DGRec [93] X
SMLP4Rec [94] X
BERT4Rec [95] X
SASRec [12] X
CL4SRec [96] X
AC-TSR [97] X
SGNN-HN [98] X
GSAU [99] X
MSSR [100] X
ECL-SR [101] X
TiSASRec [102] X
SS4Rec [103] X
KMCLR [104] 4

v

4

4

4

4

4

4

4

XXX X X X X X X X X X X X X XX X X X

O X X X X X X XX X X X X XX XX X X X X
XX AN X XXX X X %X %X X X x

CML [107]
MBA [108]
HAN-Full [13]
MBHT [109]
MGPT [111]

> X X X X
X XX X

DIFSR [114]
SASRec-Full [12]
Tiresias (Ours)

SR A

AN

v
v

X Heuristic method
KNN

LightGCN
LightGCN, CL

GRU

GRU, Attention
FFT

Diffusion model
LightGCN

HAN

LSTM, GAT

MLP

Attention

Attention
Attention, CL
Attention

GGNN, Attention
LightGCN, Attention
Attention, CL
Attention, CL, AL
Attention

Mamba

Tatec [105], TransR [106],
LightGCN
LightGCN, CL
LightGCN

HAN

Linformer [110], HGCN
GCN, LinRec [112],
Atten-Mixer [113]
Attention

XX X XXX XX XX R X UK X X X XX XX
XU TR NN X X % % %

A NN NN SUX X X X R X X XN XN X X X X X (X

XXX X

Attention
Node2Vec, GR-KAN [75],
Differential attention [74]

CAN L AAx X%

WX X

X
v

Note: KNN denotes k-nearest neighbor classification. CL denotes contrastive learning. FFT denotes fast Fourier transform. HAN denotes heterogeneous attention network. GAT
denotes graph attention network. GGNN denotes gated graph neural network. AL denotes adversarial learning. HGCN denotes Hypergraph convolutional network.

4.3. Recommendation performance

The results for top-5 and top-10 recommendations are reported in
Tables 3 and 4, respectively. Several key observations emerge. First,
Tiresias achieves superior performance on both datasets and across
all evaluation metrics. It consistently attains the best scores, with
improvements over the strongest baseline being statistically significant.
On average, Tiresias yields gains of 1.91% in Recall, 2.83% in MRR,
and 3.15% in NDCG across all datasets, indicating strong robustness
and generalizability under different data distributions.

Second, most baselines fail to benefit consistently from additional
side information and sometimes even degrade. For example, Social-
GCN and SERec underperform LightGCN, while TiSASRec, DIFSR, and
SASRec-Full fail to outperform SASRec. This behavior can be attributed
to two factors: (i) feature selection is often driven by availability
rather than principled criteria, leading to the omission of semantically
important signals; and (ii) existing models are largely confined to either
sequential or graph-based architectures, each with inherent limitations.
Sequential models (e.g., SASRec, Muffin) struggle to capture latent
user-product dependencies, whereas graph models (e.g., LightGCN,

SocialGCN) have difficulty modeling fine-grained sequential patterns
and temporal dynamics. Although hybrids such as DGRec and GSAU
attempt to combine sequential and graph learning, their performance
remains limited, partly due to over-reliance on complex graph mod-
ules and increased overfitting risk. These observations motivate the
IFT-guided feature selection strategy and hybrid feature learning in
Tiresias, where the Typhon sequence module serves as the core for most
selected features and a lightweight graph module provides user affinity
features.

Third, contrastive learning-based variants generally underperform
their base models despite their reported promise. LightGCN outper-
forms HNECL, and SASRec remains stronger than CL4SRec and MSSR.
This degradation is likely due to suboptimal negative sampling and data
augmentations; for instance, the sequence-level augmentations used in
CL4SRec can disrupt the semantic integrity of interaction sequences.

4.4. Ablation study

To further understand the contribution of each module, four groups
of experiments are conducted on the Cosmetics 2019 Dec and Electronic
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Table 3
Top-5 recommendation performance comparison of baseline models.

Models Cosmetics 2019 Oct (@5) Cosmetics 2019 Nov (@5) Cosmetics 2019 Dec (@5) Cosmetics 2020 Jan (@5) Cosmetics 2020 Feb (@5) Electronics store (@5)

Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG
Pop 0.55 0.25 0.32 1.94 1.44 1.56 2.61 2.06 2.19 2.29 1.78 1.91 1.72 1.22 1.34 4.36 2.59 3.02
Item-KNN 7.05 4.07 4.80 9.31 5.37 6.34 9.25 5.41 6.36 8.21 4.79 5.64 9.17 5.37 6.31 9.56 5.94 6.84
LightGCN 52.11 45.91 47.46 39.17 32.78 34.37 42.94 36.26 37.92 34.14 25.35 27.54 33.98 25.12 27.33 66.16 57.91 59.98
HNECL 50.25 42.46 44.41 31.62 24.22 26.07 37.84 29.38 31.49 35.28 27.00 29.07 35.86 27.65 29.70 64.77 50.85 54.33
GRU4Rec 58.67 50.22 52.33 43.70 32.67 35.42 46.62 35.13 38.00 45.88 35.04 37.75 46.12 34.98 37.76 71.60 62.02 64.42
NARM 58.76 50.42 52.50 43.63 32.68 35.41 46.50 35.43 38.19 45.61 35.18 37.78 45.99 35.18 37.88 72.35 61.85 64.48
Muffin 57.98 49.71 51.77 42.80 32.16 34.81 45.97 35.50 38.12 44.84 34.60 37.15 45.25 34.69 37.33 72.77 62.56 65.12
DiffuRec 55.82 47.54 49.60 40.57 29.76 32.46 44.06 32.87 35.67 41.04 31.12 33.59 42.70 32.18 34.81 69.83 59.86 62.36
SocialLGN 38.75 29.92 32.12 27.27 18.51 20.69 36.96 28.47 30.60 36.85 29.07 31.01 37.67 31.02 32.68 4.39 2.59 3.04
SERec 8.64 4.91 5.84 9.63 5.32 6.38 9.62 5.55 6.56 9.74 5.49 6.57 9.48 5.37 6.39 51.15 38.48 41.85
DGRec 11.73 6.12 7.53 10.22 5.55 6.69 11.32 6.27 7.49 10.99 6.76 7.23 10.11 5.41 6.57 59.55 36.05 42.03
SMLP4Rec 56.66 47.69 49.93 40.57 29.37 32.17 43.90 32.30 35.19 43.17 3213 34.89 43.19 31.68 34.55 71.62 60.59 63.36
BERT4Rec 52.13 43.62 45.74 34.95 24.80 27.33 39.25 28.53 31.20 37.62 27.56 30.07 38.09 27.67 30.27 61.77 51.94 54.40
SASRec 57.94 50.40 52.28 44.05 33.22 35.92 47.33 36.36 39.10 46.23 35.89 38.47 46.26 35.71 38.35 72.40 62.46 64.94
CL4SRec 52.77 45.85 47.58 35.83 27.06 29.25 40.89 32.02 34.24 39.43 31.07 33.15 39.19 30.63 32.77 69.52 60.63 62.86
AC-TSR 58.14 50.49 52.39 43.11 33.09 35.59 46.15 36.04 38.56 45.21 35.58 37.98 45.62 35.57 38.08 72.03 62.42 64.82
SGNN-HN 58.76 49.86 52.08 43.58 31.84 34.77 46.74 34.65 37.67 45.75 34.29 37.15 45.93 34.28 37.19 72.99 61.86 64.65
GSAU 58.77 50.94 52.89 43.76 33.53 36.08 46.73 36.32 38.91 45.91 35.94 38.43 42.92 33.35 35.74 51.81 39.31 42.46
MSSR 58.05 49.02 51.28 42.78 32.25 34.88 45.16 34.46 37.13 44.98 34.68 37.25 44.97 34.38 37.03 72.05 62.06 64.56
ECL-SR 38.11 28.32 30.76 38.39 28.80 31.19 41.30 31.29 33.79 40.15 30.69 33.05 40.54 30.79 33.22 65.25 62.51 63.19
TiSASRec 58.23 50.59 52.49 42.90 32.98 35.45 46.29 36.06 38.61 45.32 35.68 38.08 45.60 35.55 38.05 72.04 62.42 64.82
SS4Rec 59.75 5112  53.28 44.84 33.80 36.56 48.00 37.00 39.75 46.95 36.48 39.09 47.56 36.61 39.35 72.00 61.98 64.49
KMCLR 0.88 0.43 0.54 2.06 1.43 1.59 2.84 2.03 2.23 2.40 1.75 1.91 1.76 1.26 1.38 4.35 1.95 2.54
CML 1.61 0.80 1.00 2.85 1.48 1.82 3.36 2.22 2.50 3.00 1.65 1.99 2.26 1.10 1.39 4.35 2.46 2.92
MBA 6.10 3.52 4.15 6.25 3.74 4.36 4.62 3.00 3.40 4.14 2.65 3.02 3.60 2.39 2.69 2.71 1.79 2.01
HAN-Full 50.97 46.79 47.83 37.92 33.79 34.82 42.06 38.15 39.12 45.65 35.31 37.88 40.02 36.09 37.07 65.58 64.57 64.82
MBHT 24.01 15.06 17.28 33.10 25.34 27.27 14.73 16.74 34.41 26.97 28.82 20.23 12.90 14.72 8.03 4.84 5.62
MGPT 24.49 15.31 17.58 21.42 13.54 15.50 13.11 15.03 20.59 13.11 14.96 21.91 14.10 16.03 7.56 4.40 5.19
DIFSR 50.51 35.36 39.14 38.36 26.45 29.42 28.55 31.60 39.84 27.91 30.88 40.54 28.37 31.40 70.46 58.84 61.75
SASRec-Full 56.11 47.86 49.91 43.55 32.94 35.58

37.05 39.82 39.85 36.01 36.97 45.63 35.11 37.74 72.79 62.75 65.27
Tiresias (Ours) 60.68*** 52.46*** 54.51*** 46.50*** 35.64*** 38.35%** 38.66°** 41.41*** 48.05*** 37.65*** 40.25** 48.24*** 37.54*** 40.22*** 74.34*** 65.36"** 67.61°**
Improvement 1.56% 2.62% 2.31% 3.70% 5.44% 4.90% 3.14% 1.34% 3.99% 2.34% 3.21% 2.97% 1.43% 2.54% 2.21% 1.85% 1.22% 3.59%

For each dataset, the bold-faced number is the best score and the second performer is underlined.

*** Indicates that our model significantly outperforms the best baseline model, based on a paired t-test with a p-value < 0.001.

Table 4
Top-10 recommendation performance comparison of baseline models.
Models Cosmetics 2019 Oct (@10) Cosmetics 2019 Nov (@10) Cosmetics 2019 Dec (@10) Cosmetics 2020 Jan (@10) Cosmetics 2020 Feb (@10) Electronics store (@10)
Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG
Pop 2.05 0.44 0.79 3.22 1.60 1.97 3.94 2.22 2.61 3.88 1.98 2.40 3.08 1.39 1.77 6.91 292 3.84
Item-KNN 10.34 4.50 5.86 13.72 5.96 7.77 13.56 5.99 7.75 12.21 5.32 6.92 13.30 5.91 7.64 13.23 6.42 8.02
LightGCN 56.14 46.45 48.76 43.91 33.41 35.90 47.63 36.88 39.44 39.82 26.11 29.38 39.65 25.88 29.16 69.86 58.41 61.18
HNECL 54.63 43.04 45.83 37.03 24.94 27.81 43.73 30.17 33.40 41.15 27.78 30.97 41.56 28.42 31.55 72.63 51.90 56.88
GRU4Rec 63.75 50.90 53.98 50.20 33.54 37.54 53.18 36.01 40.13 52.25 35.90 39.82 52.56 35.84 39.85 76.22 62.65 65.93
NARM 63.93 51.11 54.17 50.18 33.56 37.53 53.12 36.32 40.34 51.93 36.03 39.83 52.10 36.02 39.93 77.70 62.57 66.22
Muffin 63.12 50.40 53.44 49.31 33.04 36.93 52.67 36.40 40.29 51.23 35.46 39.22 51.75 35.56 39.43 78.04 63.27 66.83
DiffuRec 60.75 48.20 51.20 46.96 30.62 34.53 50.57 33.75 37.78 47.10 31.93 35.56 48.92 33.02 36.83 74.41 60.48 63.86
SocialLGN 45.27 30.79 34.23 33.81 19.37 22.80 42.23 29.18 32.30 41.73 29.72 32.59 42.19 31.63 34.15 6.82 291 3.81
SERec 12.19 5.36 6.92 13.80 5.87 7.73 13.41 6.01 7.68 13.35 5.99 7.81 13.20 5.88 7.58 54.02 38.73 42.54
DGRec 17.49 6.85 9.33 15.81 6.24 8.39 17.52 6.99 9.27 16.67 6.06 8.97 15.62 6.14 8.35 69.66 37.43 45.34
SMLP4Rec 62.11 48.42 51.7 47.61 30.32 34.45 50.97 33.24 37.48 49.99 33.05 37.10 50.20 32.62 36.82 77.06 61.32 65.12
BERT4Rec 57.30 44.31 47.42 41.62 25.70 29.49 46.30 29.48 33.49 44.10 28.45 32.23 44.81 28.57 32.44 66.79 52.62 56.03
SASRec 62.96 51.07 53.90 50.69 34.11 38.07 54.08 37.27 41.29 52.71 36.76 40.57 52.90 36.60 40.50 77.91 63.21 66.74
CL4SRec 56.97 46.41 48.94 41.40 27.81 31.05 46.24 32.74 35.97 44.69 31.78 34.86 44.55 31.36 34.51 74.11 61.25 64.35
AC-TSR 63.14 51.16 54.01 49.53 33.95 37.67 52.70 36.92 40.68 51.49 36.43 40.02 51.99 36.42 40.14 77.59 63.16 66.62
SGNN-HN 64.24 50.60 53.86 50.66 32.79 37.07 53.86 35.61 39.98 52.64 35.22 39.39 52.92 35.23 39.46 78.45 62.60 66.42
GSAU 63.86 51.63 54.54 50.29 34.41 38.20 53.33 37.20 41.05 52.30 36.80 40.50 49.05 34.17 37.73 56.82 39.99 44.09
MSSR 62.9 49.66 52.85 49.16 33.11 36.95 51.62 35.32 39.22 51.17 35.51 39.25 51.28 35.23 39.07 77.57 62.80 66.36
ECL-SR 44.69 29.20 32.89 44.87 29.67 33.29 47.71 32.15 35.86 46.41 31.53 35.08 46.97 31.65 35.31 66.84 62.72 63.71
TiSASRec 63.22 51.26 54.11 49.38 33.85 37.55 52.89 36.95 40.75 51.62 36.52 40.12 51.94 36.40 40.11 77.66 63.18 66.65
§S4Rec 6498 5182 5497 5144 3460 3870 5463 3789 4190 5350  37.36 4122 5408 3749 4146 7725 6269  66.19
KMCLR 0.88 0.49 0.68 3.09 1.56 1.92 3.73 2.14 2.51 3.33 1.87 2.20 3.00 1.41 1.77 6.72 2.26 3.31
CML 2.54 0.92 1.29 4.05 1.64 2.20 4.30 2.34 2.80 4.05 1.79 2.32 3.16 1.22 1.68 6.49 273 3.60
MBA 8.91 3.88 5.05 9.05 4.11 5.26 6.25 3.22 3.93 5.70 2.86 3.52 4.84 2.55 3.09 3.53 1.90 2.28
HAN-Full 53.83 47.17 48.76 41.06 34.21 35.83 45.00 38.54 40.07 52.28 36.20 40.03 4291 36.48 38.00 66.57 64.70 65.14
MBHT 31.50 16.05 19.70 38.83 26.11 29.12 29.18 15.58 18.79 39.98 27.71 30.62 26.34 13.72 16.69 10.90 5.21 6.54
MGPT 32.10 16.32 20.04 27.68 14.38 17.52 27.12 13.94 17.05 26.75 13.93 16.96 27.94 14.90 17.98 10.71 4.81 6.20
DIFSR 58.53 36.44 41.75 45.66 27.43 31.79 48.44 29.58 34.08 47.24 28.90 33.29 47.93 29.37 33.81 75.89 59.58 63.52
SASRec-Full 61.22 48.54 51.57 50.45 33.86 37.82 54.54 37.91 41.90 42.86 36.41 37.94 52.50 36.03 39.96 78.05 63.46 66.98
Tiresias (Ours) 65.68** 53.13*** 56.14*** 52.91*** 36.50"** 40.43*** 56.04*** 39.52*** 43.48"** 54.31*** 38.49*** 42.27*** 54.53*** 38.39** 42.26*** 78.52*** 65.92"** 68.97***
Improvement 1.08% 2.53% 2.13% 2.86% 5.22% 4.47% 2.58% 2.54% 3.77% 1.51% 3.02% 2.55% 0.83% 2.40% 1.93% 0.09% 1.89% 2.97%

For each dataset, the bold-faced number is the best score and the second performer is underlined.

Indicates that our model significantly outperforms the best baseline model, based on a paired t-test with a p-value < 0.001.

store datasets, examining the effectiveness of the feature selection
approach, the feature learning method, the Typhon module, and the
IFT-guided multi-task learning.

Effect of the feature selection approach. Three model variants
are constructed to examine the effects of the selected proximal cues
and foraging costs from an information foraging perspective, with each
variant removing or replacing a specific feature. For example, w/o BT
removes behavior type features relative to Tiresias, while Learnable
PE replaces RoPE with vanilla positional encoding. The results are

summarized in Table 5. The ablation results substantiate the necessity
of each IFT-guided feature. Performance consistently degrades when
any feature is removed or replaced, thereby validating the proposed
feature selection approach. At the same time, the relative importance
of specific features exhibits clear dataset dependence. On the Cosmetics
dataset, which exhibits rich user interaction patterns, behavior type
emerges as the most influential cognitive cost. On the Electronics Store
dataset, RoPE yields greater gains than vanilla learnable positional
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Table 5
The effect of feature selection approach.
Dataset Model Behavior type Dwell time RoPE Product attribute Affinitive relationships @5 @10
Recall MRR NDCG Recall MRR NDCG
w/o BT x 4 v 4 v 46.72 3585 3857 53.14 3672 40.65
w/o DT 4 x 4 v v 4837 37.27 40.05 54.64 3812 42.08
) Learnable PE v/ v x 4 v 47.91 37.06 39.77 5441 37.94 41.88
Cosmetics 2019 Dec
w/o PA 4 4 4 x 4 4878 37.82 40.56 55.16 38.68 42.63
w/o HR v v 4 4 x 48.20 37.34 40.05 54.67 3821 4215
Tiresias (Ours) v/ v 4 v 4 49.65 38.66 41.41 56.04 39.52 43.48
w/o BT x v 4 v 4 71.81 6232 6470 7625 6293 66.15
w/o DT %4 x 4 4 v 7212 6257 6497 7663 6318 66.43
. Learnable PE v/ 4 x v v 71.24 6203 64.34 7568 62.62 6578
Electronics store
w/o PA v 4 %4 x v 7167 6239 6472 7610 6299 66.16
w/o HR v v v 4 X 7191 6251 6487 7634 6311 66.31
Tiresias (Ours) v/ 4 v 4 4 74.34 6536 67.61 7852 6592 68.97
For each dataset, the bold-faced number is the best score.
Table 6
The effect of overall framework.
Dataset Model Gral?h Seque.nce Prefe.rence @5 @10
learning learning fusion Recall MRR NDCG Recall MRR NDCG
w/o GL X v X 48.20 37.34 40.05 54.67 38.21 4215
GL-LightGCN LightGCN Typhon Sum 48.93 37.82 40.60 55.50 38.70 42.72
GL-GAT GAT Typhon Sum 48.77 37.48 40.30 55.26 38.35 42.40
. GL-Cues Metapath2Vec % Typhon Sum 46.97 35.95 38.69 54.05 36.90 40.99
Cosmetics
2019 w/o SL Node2Vec # X X 39.74 36.10 37.00 42.63 36.48 37.93
Dec SL-GRU Node2Vec # GRU Sum 46.04 35.29 37.97 52.42 36.15 40.05
SL-Mamba Node2Vec # Mamba Sum 47.52 36.77 39.45 53.96 37.63 41.54
Fusion-Attn Node2Vec # Typhon Attention 47.86 37.01 39.72 54.27 37.87 41.80
Fusion-MLP Node2Vec # Typhon MLP 47.83 36.91 39.63 54.30 37.78 41.73
Tiresias (Ours) Node2Vec # Typhon Sum 49.65 38.66 41.41 56.04 39.52 43.48
w/o GL X 4 X 71.91 62.51 64.87 76.34 63.11 66.31
GL-LightGCN LightGCN Typhon Sum 72.54 62.84 65.28 76.80 63.42 66.67
GL-GAT GAT Typhon Sum 72.48 62.84 65.26 76.93 63.45 66.71
GL-Cues Metapath2Vec # Typhon Sum 73.77 64.99 67.20 77.80 65.54 68.51
Electronics ~ w/o SL Node2Vec # X X 65.81 64.18 64.59 66.75 64.31 64.90
store SL-GRU Node2Vec # GRU Sum 71.82 61.91 64.40 76.61 62.56 65.95
SL-Mamba Node2Vec # Mamba Sum 71.11 61.92 64.23 75.54 62.52 65.66
Fusion-Attn Node2Vec # Typhon Attention 70.95 61.65 63.98 75.63 62.28 65.50
Fusion-MLP Node2Vec # Typhon MLP 70.63 61.71 63.95 75.05 62.31 65.39
Tiresias (Ours) Node2Vec # Typhon Sum 74.34 65.36 67.61 78.52 65.92 68.97

For each dataset, the bold-faced number is the best score.

encoding. A plausible explanation is that RoPE rotates the context-
enriched query and key vectors to distinguish implicit costs based on
the user’s current foraging state, whereas learnable positional encoding
merely adds a static, context-agnostic bias and fails to capture how
positional significance varies with the encountered context.

Effect of the feature learning method. In the second group of
ablation studies, eight model variants are constructed to dissect the
contribution of each feature learning module in Tiresias. Specifically,
w/o GL removes the Node2Vec to capture user affinity feature, while
GL-LightGCN and GL-GAT replace Node2Vec with LightGCN and GAT,
respectively. GL-Cues adopts Metapath2Vec [115] on the heterogeneous
graph to encode proximal cue features, while integrating all foraging
costs into sequence learning to capture dynamic user preferences.
Similarly, w/o SL removes the sequence learning module Typhon, while
SL-GRU and SL-Mamba replace Typhon with GRU and Mamba [116],
respectively. In addition, Fusion-Attn and Fusion-MLP adopt an atten-
tion network and an MLP, respectively, to fuse the free user feature
and the user affinity feature for subsequent preference learning. The
results are reported in Table 6, from which several insights emerge.
First, the graph learning component is essential: removing it (w/o GL)
leads to noticeable performance drops on both datasets. Replacing the
lightweight Node2Vec with more expressive GNNs (LightGCN, GAT)
fails to yield further gains, despite their stronger relational modeling ca-
pacity. This suggests that a simple frozen graph embedding is sufficient
to capture stable user affinity features, while avoiding the overfitting
risks associated with parameter-heavy graph networks. Second, the
sequence learning module emerges as the most critical component. Its
removal (w/o SL) substantially degrades performance, particularly on
the Cosmetics dataset where dynamic preferences are more pronounced,
indicating that the user’s information foraging process fundamentally
follows a sequential decision pattern. Although GRU and Mamba are
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competitive alternatives, both SL-GRU and SL-Mamba fail to match
Typhon in modeling the trajectory of user preference evolution. Third,
the comparison of preference fusion strategies yields an unexpected
result. Despite their theoretical flexibility, both attention-based and
MLP-based fusion (Fusion-Attn, Fusion-MLP) underperform the simple
summation scheme. This finding suggests that these more complex
fusion mechanisms tend to overfit, whereas the sum operation offers
a more robust way to combine user features while preserving their dis-
tinct semantic contributions. Last, despite its theoretical coherence in
aligning modeling mechanisms for features belonging to the same prox-
imal cue category, GL-Cues yields a notable performance degradation
relative to the main Tiresias model across all evaluation metrics and
both datasets. This can be explained that while affinitive relationships
and product-category attributes are both classified as proximal cues un-
der the IFT framework, they exhibit fundamental heterogeneity in their
information properties and functional roles. Specifically, user affinity
relationships act as global and stable external proximal cues that signal
validated foraging paths of similar peer users, while category attributes
function as dynamic and context-dependent internal proximal cues that
update incrementally with each step of a user’s sequential foraging
journey. Jointly modeling these two functionally distinct signal types
in a static heterogeneous graph dilutes the unique information scent of
each cue, leading to less discriminative latent representations.

Effect of the Typhon module. To investigate the Typhon’s design,
each of its core components is removed or replaced to construct four
variants: w/o DM removes the differential mechanism; w/o dual DyT
replaces DyT with vanilla layer normalization; Invasive injection directly
sums all selected features to compute query, key, and value; and NF-
MLP replaces GR-KAN with a standard MLP. As shown in Table 7,
removing or substituting any component of Typhon leads to suboptimal
performance on both datasets. The differential mechanism emerges as
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Table 7
The effect of main components of Typhon.
Dataset Model Differential mechanism Dual DyT Non-invasive injection Non-linear function @5 @10
Recall MRR NDCG Recal MRR NDCG
w/o DM x v v GR-KAN 4348 3342 3593 49.80 34.27 37.98
w/o dual DyT v X 4 GR-KAN 48.86 37.59 40.40 5530 38.46 42.50
Cosmetics 2019 Dec Invasive injection v/ 4 x GR-KAN 4773 36.84 3956 5419 37.71 41.66
NF-MLP 4 4 4 MLP 4851 37.41 40.18 55.05 3829 42.31
Tiresias (Ours) 4 4 4 GR-KAN 49.65 38.66 41.41 56.04 39.52 43.48
w/0 DM X 4 v GR-KAN 70.77 6154 63.86 75.04 6212 65.25
w/o dual DyT 4 X 4 GR-KAN 71.98 6245 64.84 76.64 63.08 66.36
Electronics store Invasive injection v/ 4 x GR-KAN 71.37 62.05 6438 76.07 62.68 6591
NF-MLP v v v MLP 71.84 6236 6474 7627 6296 66.18
Tiresias (Ours) 4 4 4 GR-KAN 74.34 65.36 67.61 7852 65.92 68.97
For each dataset, the bold-faced number is the best score.
Table 8
The effect of cue and cost prediction tasks.
Dataset Model Cue prediction Cost prediction @5 @10
Recall MRR NDCG Recall MRR NDCG
w/0 cue prediction X 4 48.14 37.05 39.82 54.54 37.91 41.90
Cosmetics 2019 Dec w/o cost prediction v X 48.56 37.28 40.10 54.99 38.15 42.18
w/0 both aux tasks x X 48.59 37.66 40.39 55.04 38.52 42.48
Tiresias (Ours) 4 4 49.65 38.66 41.41 56.04 39.52 43.48
w/o cue prediction x 4 72.18 62.56 64.97 76.63 63.16 66.41
. w/o cost prediction 4 X 72.19 62.72 65.09 76.59 63.31 66.52
Electronics store
w/0 both aux tasks X X 72.14 62.59 64.98 76.65 63.20 66.45
Tiresias (Ours) 4 4 74.34 65.36 67.61 78.52 65.92 68.97

For each dataset, the bold-faced number is the best score.

the most critical element, as its absence (w/o DM) results in the largest
performance degradation. This can be attributed to the sparse attention
distributions induced by the differential operation, which effectively
assigns near-zero weights to irrelevant products within specific con-
texts. Dynamic Tanh is also indispensable: by implicitly emulating
normalization, it applies near-linear transformations to small-valued
features while nonlinearly squashing anomalous values. In addition, the
noninvasive feature injection strategy clearly outperforms direct feature
summation for query, key, and value computation, as it prevents rich
contextual features from overwhelming product representations. Fi-
nally, GR-KAN consistently surpasses the vanilla MLP, underscoring its
superior feature learning capacity and ability to preserve fine-grained
variations.

Effect of the IFT-guided multi-task learning. Two groups of ex-
periments are conducted to evaluate the effectiveness of the auxiliary
tasks. First, an ablation study examines the individual and joint con-
tributions of the cue and cost prediction tasks by comparing three
variants: w/o cue prediction, which removes the category prediction
task; w/o cost prediction, which removes the behavior prediction task;
and w/o both aux tasks, which removes both cue and cost prediction.
Second, the impact of different loss weights for the two auxiliary
tasks is investigated. The ablation results in Table 8 show that both
auxiliary tasks substantially improve overall performance by aligning
preference learning with the user’s cognitive process. The multi-task
design is theoretically grounded in the user’s cost-value trade-off dur-
ing information foraging. The cue prediction task encourages the model
to identify product categories, a key internal proximal cue used by
users to estimate information value, while the cost prediction task
focuses on forecasting behavior type, a direct manifestation of cognitive
cost incurred during foraging. Together, these auxiliary tasks guide
the model to internalize the underlying valuation and cost-assessment
mechanisms that drive human decision-making.

The sensitivity analysis of the loss weight ¢, tuned in {le-4, le-
3, le-2, 1e-1, 1}, provides insights into balancing the auxiliary tasks.
As shown in Fig. 5, both datasets achieve the best performance with a
relatively small weight (¢ = 0.01), suggesting that the auxiliary tasks
should act as regularizers rather than dominate feature learning. When
¢ is too large (¢ = 1), performance degrades markedly — especially
on the Cosmetics dataset — as the auxiliary objectives overwhelm
the primary recommendation task. Conversely, extremely small values
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(¢ =0.0001) underutilize the benefits of the multi-task framework. This
pattern is consistent with IFT: although cues and costs shape decision-
making, the primary objective remains maximizing information value,
i.e., accurate product prediction in this setting.

4.5. Effect of foraging trail length

To examine the impact of user engagement on recommendation
performance, we analyze performance across different foraging trail
lengths. Following recent work [117], the Cosmetics 2019 Dec dataset
is divided into three groups: Cold-start (trail length < 5), Emerging (5 <
trail length < 10), and Active (trail length > 10). The statistics in Table 9
show a clear progression in user activity. Seven representative baselines
are evaluated using Recall@10, MRR@10, and NDCG@10. As shown
in Table 10, Tiresias consistently outperforms all baselines across the
three groups, with statistically significant gains throughout. The largest
improvements occur for Active users, with gains of 2.38% in Recall@10,
7.43% in MRR@10, and 5.76% in NDCG@10. The stronger gains in
MRR and NDCG indicate that Tiresias more effectively ranks relevant
products near the top for users with extensive interaction histories.

To determine the optimal foraging trail length for preference mod-
eling, the maximum trail length is varied over 3, 5, 10, 20, 50, 100,
150. Fig. 6 shows dataset-specific optima: performance peaks at a trail
length of 50 for Cosmetics and 20 for Electronics Store. This differ-
ence is consistent with the longer average trail length in Cosmetics
(9.55) than in Electronics Store (1.8). Accordingly, Tiresias benefits
from longer interaction histories to capture evolving preferences in
Cosmetics, whereas recent interactions are sufficient for Electronics Store.
Performance declines beyond the optimal trail length, likely because
longer histories include outdated interactions that no longer reflect
users’ current preferences.

4.6. Robust analysis

A comprehensive robust analysis is conducted to identify suitable
configurations for key hyperparameters and the user affinity network.
In terms of key hyperparameters, the number of Typhon layers is
searched over {1, 2, 3, 4, 5}, the number of attention heads over {1,
2, 4, 8}, the dwell time threshold over {8, 16, 32, 64, 128}, the batch
size over {128, 256, 512, 1024, 2048}, and the embedding dimension
over {8, 16, 32, 64, 128}. The results are shown in Fig. 7.
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Fig. 5. Tiresias performance with varying loss weights on the two datasets.

Table 9

Statistics of the three grouping datasets.
Dataset # users # products # view # add-to-cart # remove-from-cart # purchase Avg. trail length
Cold-start group 289868 30517 445976 35863 4291 1879 1.68
Emerging group 26417 23605 136201 46829 11363 5909 7.58
Active group 53869 42729 1146154 844432 649001 205388 52.81

Table 10

Performance comparison for different user groups.
Model Cold-start group (@10) Emerging group (@10) Active group (@10)

Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG

SERec 47.69 37.50 40.77 29.88 22.37 24.18 15.51 6.00 8.21
SS4Rec 52.02 42.58 44.94 44.85 33.22 36.88 44.88 27.71 31.79
GSAU 34.21 24.84 27.10 34.95 16.70 21.01 40.68 26.79 30.09
MSSR 54.82 39.91 40.23 45.65 30.54 34.39 31.57 17.07 20.50
SGNN-HN 54.20 42.47 45.43 44.88 31.65 34.96 42.01 22.64 27.23
Muffin 54.75 39.05 42.83 46.83 31.03 34.81 41.28 26.04 29.66
DIFSR 51.45 32.50 37.05 40.24 23.95 27.83 32.60 16.80 20.53
Tiresias (Ours) 55.847"* 43.45%** 46.48"* 47.29%%* 33.88%" 37.14%%* 45.95%"* 29.77 %% 33.627%"*
Improvement 1.86% 2.04% 2.31% 0.98% 1.99% 0.70% 2.38% 7.43% 5.76%

For each dataset, the bold-faced number is the best score and the second performer is underlined.

*** Indicates that our model significantly outperforms the best baseline model, based on a paired t-test with a p-value < 0.001.
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Fig. 6. Tiresias performance with varying foraging trail length on the two datasets.

For the number of Typhon layers, the Cosmetics dataset achieves the by heuristic feature engineering approaches. For example, across dif-
best performance with four layers, suggesting that complex cosmetic ferent product categories (e.g., high-involvement electronics versus
preferences benefit from deeper feature transformations. In contrast, low-involvement groceries), the optimal dwell time threshold is ex-
the Electronics Store dataset performs best with a single layer, indi- pected to differ, as users allocate varying levels of cognitive effort
cating that a simpler architecture is sufficient. This difference likely when evaluating different types of products. Additionally, our model
reflects distinct decision processes: cosmetic purchases involve more maintains superior performance relative to most of baselines across
nuanced aesthetic judgments, whereas electronics purchases are driven the entire tested range of thresholds, demonstrating the modeling of
primarily by functional attributes. explicit for?gin.g costs is robust to reasona.bk? va.riations.. ‘

Regarding attention heads, single-head Typhon achieves the best Batch size influences the model’s optimization stability and gen-

eralization performance. Results show a consistent inverted U-shaped
performance trend across both datasets, with optimal performance
achieved at the batch size 512. Overly small batch sizes lead to high
variance in gradient estimation and unstable training dynamics, while
excessively large batch sizes reduce the model’s generalization ability
and dilute fine-grained sequential user foraging signals, both resulting
in moderate performance degradation.

As a core operationalization decision, embedding dimension gov-
erns the model’s ability to capture multi-faceted foraging-related sig-
nals. The results reveal consistent performance trends across both
datasets, with all evaluation metrics improving as the embedding di-

results on both datasets, with performance degrading as the number
of heads increases. This observation challenges the common assump-
tion that multiple heads are necessary to capture diverse relational
aspects [118], and instead suggests that recommendation tasks may
benefit from more focused attention.

The dwell time threshold analysis reveals a consistent optimum at
32 across both datasets, with performance declining for both smaller
and larger thresholds. This value appears to approximate the typical
engagement window during which users meaningfully process product
information before interacting. Shorter thresholds may truncate gen-

uine browsing behavior, whereas longer thresholds risk incorporating mension increases. This pattern aligns with the fundamental role of
intervals of inactivity or distraction. This observation that performance latent embeddings, as an overly small embedding size severely restricts
varies with dwell time threshold demonstrates that cognitive forag- the model’s representational capacity, preventing it from effectively
ing costs depend on decision context, a nuance typically overlooked encoding diverse information foraging signals. Additionally, for the
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Fig. 7. Tiresias performance with varying

higher-sparsity Electronics Store dataset, an earlier onset of diminishing
marginal returns is observed. One key reason is that the limited pool of
interaction signals fails to support further gains from increased repre-
sentational capacity, while oversized embeddings introduce additional
computational overhead and a higher risk of noise encoding.

For the user affinity network, sensitivity analyses are conducted
on both the similarity threshold and graph construction method. In
the main setup, affinitive relationships are derived from user—product
interactions using Jaccard similarity, with the top 1% of relationships
retained to filter out low-confidence edges. The similarity threshold is
varied across {0.1, 0.01, 0.001, 0.0001}, corresponding to retaining
the top 10%, 1%, 0.1%, and 0.01% of user relationships, respectively.
In addition, an alternative per-user Top-N neighborhood construction
method is adopted, where the top-N most similar users are retained for
each user based on the same Jaccard similarity. The value of N is tuned
over {1, 3, 5, 10, 20}. The results are reported in Fig. 8.

In the first group of experiments, the model achieves its best per-
formance at a similarity threshold of 0.01, with performance declining
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parameter settings on the two datasets.

at both higher and lower thresholds. This pattern reflects a trade-
off between signal quality and graph connectivity. Lenient thresholds
(e.g., 0.1) introduce many weak and non-informative edges, diluting
the information scent provided by genuinely similar users and reduc-
ing the model’s ability to capture preferences accurately. In contrast,
overly strict thresholds (e.g., 0.0001) excessively prune the graph,
removing meaningful affinitive relationships and limiting access to
complementary peer-derived cues. In the second group of experiments,
recommendation performance improves consistently as N increases.
Larger neighborhoods expose users to more affinitive relationships
and richer peer-derived information scent, helping alleviate interaction
sparsity and enhancing the model’s understanding of evolving prefer-
ences. However, increasing N also densifies the user affinity network
and raises computational costs. Notably, the model outperforms most
baselines even under suboptimal threshold settings, suggesting that
peer-derived proximal cues remain valuable without extensive param-
eter tuning. The results further indicate that sufficiently similar peers
provide reliable signals about valuable foraging opportunities.
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Fig. 8. Tiresias performance with varying user affinity network configurations on Electronic Store.
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Fig. 9. A product foraging journey instance from the Electronic Store dataset.

4.7. Post-hoc analysis on exemplar instances

This section presents a post-hoc analysis to illustrate representation-
level patterns consistent with the evolution of users’ dynamic prefer-
ences across product foraging journeys within our IFT-guided frame-
work. Specifically, SASRec, Tiresias, and two ablated variants of Tire-
sias are implemented on the Electronic Store dataset. A representative
case is presented in which Tiresias successfully ranks the interacted
product within the top-5, while the competing models fail. Fig. 9
shows, at each time step, the cosine similarity between the learned
user preference representation and both proximal cue and foraging cost
features is computed. The results reveal a two-phase foraging pattern:
an initial exploration phase with cross-category browsing (time steps
1-5), followed by an exploitation phase with preference convergence
to computer components and kitchen appliances (time steps 6-9).

The top-5 recommendation lists further demonstrate the effective-
ness of the IFT-guided design. Tiresias ranks the user’s actual next
product first, whereas SASRec fails to include it in the top-5 list. The
two ablated variants rank it only fourth and fifth, respectively. For
Tiresias, the learned preference representation aligns most strongly
with the affinitive relationship cue during exploration, suggesting that
users rely on peer-derived signals under high preference uncertainty.
Alignment with foraging cost features also remains high, reflecting ele-
vated cognitive costs during exploratory search. As the user transitions
to exploitation, similarity between the preference representation and
the product category cue increases sharply from 0.20 to 0.82, indicating
a shift from external to internal cues as preferences become more
defined.

As a baseline model, SASRec fails to reveal any meaningful patterns,
with cosine similarities between its learned preference representation
and all cue/cost features fluctuating randomly across the user forag-
ing journey. This suggests that cognition-agnostic models primarily fit
observed interaction patterns, and their learned representations fail
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to align with the proximal cues and foraging costs. Ablation exper-
iments further support the necessity of the cue and cost prediction
tasks. Removing the cue prediction task eliminates any meaningful
alignment between the learned preference representation and the two
proximal cue features across the full journey. Similarly, excluding the
cost prediction task impairs the model’s ability to learn representative
foraging cost features, with dwell time and foraging progression cost
features consistently showing low similarity to user preferences. These
results show that the cue and cost prediction tasks explicitly guide
the model to learn representations that align with IFT-based cue and
cost semantics, facilitating a comprehensive understanding of behavior
patterns in users’ product foraging journey.

In Section 4.5, users are segmented into three groups based on
foraging trail length. The cold-start group constitutes the largest pro-
portion of users, posing a challenge for reducing premature churn.
To further investigate user exit and sustained engagement, a post-hoc
analysis is conducted using the same grouping. Cold-start users exhibit
the shortest observed foraging journeys, which may be interpreted as
a greater tendency toward early disengagement, whereas active users
show the longest observed foraging journeys, which may be interpreted
as a greater tendency toward sustained engagement. For each group,
the mean cosine similarity between user preference representations and
fused cue and cost features is computed over the first five time steps.
The fused cue feature is defined as the element-wise sum of affinitive
relationship and product category features, while the fused cost feature
combines behavior type, dwell time, and foraging progression features.
The resulting alignment patterns across user groups are presented in
Fig. 10.

For the cold-start group, cost-preference similarity consistently ex-
ceeds cue-preference similarity across all five time steps, and the gap
widens over time. This pattern supports the IFT perspective that forag-
ing costs exert a stronger influence than proximal cues on preference
formation, potentially leading to shorter foraging trails. In contrast,



W. Li et al.

Cold-start Cue
Cold-start Cost

o
%
L

Emerging Cue
Emerging Cost

o
=)
L

Active Cue
Active Cost

=3
N
L

Cosine Similarity

e
¥
L

Time step

Fig. 10. Mean cue-preference and cost-preference similarity across three user
groups.

for the active group, cue-preference similarity surpasses cost-preference
similarity from the second time step onward, with the difference in-
creasing throughout the session. This suggests that proximal cues play
a dominant role in shaping preferences among users who maintain
sustained engagement. For the emerging group, cue-preference and
cost-preference similarities gradually converge, indicating a more bal-
anced decision-making process that does not consistently develop into
sustained foraging behavior.

4.8. IFT-derived predictions and evidence

In the product foraging context, IFT suggests two testable predic-
tions to explain user foraging behavior. First, users evaluate product
patches by jointly considering proximal cues and foraging costs, im-
plying that both signal types contain decision-relevant information.
Second, product foraging is inherently dynamic. During the early stages
of a foraging journey, when uncertainty is high, users are expected to be
more sensitive to foraging costs. If perceived utility falls below incurred
costs, users may terminate their search prematurely; otherwise, they
may increasingly rely on proximal cues to evaluate product attractive-
ness as the session progresses. Our findings support both predictions,
although to varying degrees. The ablations directly show that cue/cost
features and auxiliary tasks improve model performance, providing
theory-consistent support for the IFT interpretation. Support for the
second prediction is more indirect. Results from the foraging trail
length experiments and post hoc analyses reveal distinct patterns of cue
and cost sensitivity across user groups and journey stages, consistent
with the dynamic adaptation mechanisms proposed by IFT.

5. Discussion

Although online e-commerce platforms provide access to vast
amounts of product information, they also increase the cognitive ef-
fort required for purchase decisions. To address this challenge, we
propose Tiresias, a theory-driven recommender system grounded in
IFT. Tiresias incorporates an IFT-guided feature selection strategy that
distinguishes proximal cues from foraging costs, a preference extractor
that models the evolving nature of product foraging behavior, and
a multi-task learning objective that aligns optimization with users’
cognitive decision processes. Extensive experiments on two real-world
datasets and 30 representative baselines demonstrate the effectiveness
of Tiresias. Ablation studies and supplementary analyses further vali-
date the contributions of the theory-guided design, multi-task objective,
and model architecture. Beyond improving recommendation accu-
racy, our findings show that integrating IFT into recommender system
design provides a principled framework for capturing the cognitive
mechanisms underlying user decision-making.

5.1. Research contributions
Our study makes three contributions. First, it contributes to the

decision support systems literature by translating IFT from an ex post
explanatory theory of user behavior into an actionable framework for
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cognitive-aware decision support systems. Existing recommender sys-
tems, including state-of-the-art models, typically treat decision-making
as a black box, emphasizing correlations between user behavior and
next-product interactions rather than the cognitive mechanisms under-
lying them. We ground the design of our recommender system’s three
core modules in IFT, aligning behavior prediction with users’ cognitive
processes and providing a generalizable paradigm for cognitive-aware
decision support systems. Notably, the study clarifies that the gener-
alizable design knowledge contributed by this work is the coherent
IFT-guided design paradigm, rather than discrete technical compo-
nents. Specific implementation choices can be freely replaced while
preserving the core theoretical framework. Second, this study con-
tributes to the recommender systems literature by bridging multiple
recommendation domains through a unified feature-selection perspec-
tive. Our framework integrates insights from sequential, temporal,
multi-behavior, attribute-aware, and social recommendation. This ap-
proach moves beyond the siloed development of these domains and
offers a coherent framework that captures the multifaceted nature of
user decision-making. Third, this study contributes to the design science
literature by introducing IFT-grounded design innovations across the
three core modules of recommender system development. Specifically,
we propose an IFT-guided feature-selection approach that categorizes
features into proximal cues and foraging costs, providing a princi-
pled alternative to heuristic methods. We also develop an IFT-guided
user preference extractor to model product foraging behavior and a
multi-task learning objective that aligns optimization with users’ cog-
nitive processes of cue evaluation and cost assessment during foraging
decisions.

5.2. Practical implications

For platform and system designers, our findings suggest three IFT-
aligned design principles. First, designers should adopt IFT-guided
feature selection instead of heuristic approaches that rely solely on
product IDs or indiscriminately include all available features. This
strategy aligns the input space with the factors driving user decisions,
improving recommendation performance. Second, preference learning
should prioritize sequential modeling over static user representations.
Although graph-based methods are widely used, they often fail to cap-
ture evolving preferences. Sequential modeling better tracks preference
dynamics across interactions, enabling context-aware recommendations
that reflect users’ current decision states. Third, designers should em-
ploy multi-task learning objectives that align optimization with users’
cognitive processes rather than relying solely on next-product pre-
diction. In our framework, auxiliary cue- and cost-prediction tasks
encourage the model to learn the cost-benefit trade-offs underlying
product-foraging decisions.

Additional design principles emerge from the post-hoc analyses. The
results reveal a cost-dominant decision pattern among cold-start users,
with the gap between cost-preference similarity and cue-preference
similarity widening over time. For these users, the cognitive costs
of continued foraging outweigh the informational value of proximal
cues. Accordingly, practitioners should simplify interaction paths, re-
duce unnecessary decision steps, and minimize cognitive friction, as
improvements in cue relevance alone are unlikely to overcome high
foraging costs. Moreover, across all user groups, the early stages of
a foraging journey are characterized by greater sensitivity to foraging
costs. Designers should therefore prioritize cost reduction during initial
interactions and gradually shift attention to cue refinement as the
session progresses.

Our findings also reveal boundary conditions for these design princi-
ples. First, the IFT-guided framework is most valuable in high-
uncertainty contexts characterized by long decision cycles and infor-
mation overload. For low-involvement products, where decisions are
more habitual and involve limited information search, designers may
reduce the emphasis on foraging cost signals. Second, the advantage of
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Tiresias is smaller for emerging users, who exhibit a balanced cue—cost
decision pattern. For this group, practitioners should jointly optimize
cue relevance and foraging costs. Finally, parameter sensitivity analyses
indicate strong robustness but identify two configurations that reduce
performance: excessively small embedding dimensions, which fail to
capture fine-grained cue and cost information, and too many attention
heads in the Typhon module, which fragment attention and weaken
alignment with information scent assessment and cost evaluation.

5.3. Limitations and future work

Our evaluation is limited to offline ranking performance and post-
hoc representation analysis, which imposes boundaries on the conclu-
sions that can be drawn. To avoid overinterpretation, we align the
conclusions with the available evidence as follows. First, the main
directly showed conclusions include the superior offline ranking per-
formance of our model and the contribution of each core component
demonstrated via ablation studies. Additionally, the indirectly sug-
gested conclusion is the learned representations are consistent with cue
and cost dynamics. Finally, the conclusions that are not directly shown
include actual reductions in cognitive burden for users, improved deci-
sion quality in real-world shopping scenarios, and changes in sustained
engagement or abandonment rates in real systems. To address these
limitations, future research can focus on three directions aligned with
our evidence boundaries. First, future work could explore a broader
spectrum of features, for example incorporating product images as ad-
ditional proximal cues and price as an additional foraging cost. Second,
employing experimental methods, such as eye-tracking and cognitive
load measurements, to validate the hypothesized cognitive mecha-
nisms. Third, conducting production A/B testing complemented by user
surveys to measure real-world behavioral and cognitive outcomes.
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