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Abstract

Intelligent conversational search systems must interpret user intent across multiple interaction
turns and across heterogeneous application domains. This paper develops a system-level
analysis of cross-domain user intent modeling for such systems, focusing on structural trade-
offs rather than on a single algorithmic solution. The discussion begins with the conceptual
foundations of user intent in conversational and contextual information retrieval, emphasizing
that intent is dynamically negotiated through dialogue and is shaped by domain-specific
constraints. It then examines architectural strategies for shared representation learning,
domain adaptation, and conversational state management. A central concern is the tension
between model sharing and domain isolation, because shared encoders improve cross-domain
transfer while domain-specific adapters improve accountability and maintainability. The
paper further discusses personalization and context-aware retrieval in local categorical query
settings, drawing attention to the importance of context signals and dialogue history.
Robustness, fairness, and governance are analyzed as first-order design constraints rather than
post-deployment afterthoughts. The paper considers bias amplification, transparency,
auditability, and the risks of large pretrained models. Deployment and operational
sustainability are addressed through modular architectures, learning-to-rank components, and
continuous evaluation. Finally, the policy implications of cross-domain intent modeling are
discussed, including data governance, disparate impact, and the need for accountability
frameworks. The paper argues that sustainable conversational search systems require
coordinated attention to representation, infrastructure, fairness, deployment, and governance
rather than isolated optimization of predictive accuracy.
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1. Introduction

The design of intelligent conversational search systems has become a central challenge at the
intersection of information retrieval, natural language processing, and human-computer
interaction. Unlike traditional query-response search engines, conversational systems must
interpret mixed-initiative exchanges, maintain state across turns, and reconcile ambiguous
expressions with evolving user goals [1]. The challenge is further complicated when user
intent spans multiple domains, such as when a traveler asks about flights, hotel availability,
restaurant reservations, and local weather within a single dialogue. Cross-domain user intent



modeling addresses this complexity by representing, transferring, and refining intent signals
beyond isolated domain boundaries. Neural approaches to conversational Al have
substantially improved the capacity of such systems to learn rich representations of queries
and responses [2]. At the same time, transformer-based attention mechanisms and pretrained
language models have supplied general-purpose semantic encoders that can be adapted to
domain-specific retrieval tasks [3], [4].

The shift from single-turn retrieval to multi-turn conversational interaction changes the nature
of intent modeling. In conversational search, intent is not a fixed query property but a
dynamically negotiated construct that evolves through clarification, reformulation, and
feedback [1]. Early work on user intent prediction in information-seeking conversations
demonstrated that dialogue context, prior utterances, and response structure can be used to
anticipate the type of information need under negotiation [5]. Spoken conversational search
further complicates intent inference because voice interfaces introduce disfluency, turn-taking
uncertainty, and prosodic signals that are absent from typed interaction [6]. Relevance, a
foundational concept in information retrieval, has also been reconceptualized as a
multidimensional and situational phenomenon rather than a simple topical match [7]. The
contextual turn in information science emphasizes that information seeking and retrieval must
be integrated with the user's work task, domain knowledge, and situational constraints [8].

Cross-domain intent modeling therefore requires architectural and governance decisions that
go far beyond the selection of a particular neural model. System designers must decide how to
encode domain-specific knowledge, how to share parameters across domains, how to manage
privacy and data provenance, and how to ensure that intent predictions do not amplify
harmful stereotypes or structural inequalities. The present paper develops a system-level
analysis of cross-domain user intent modeling for conversational search. It does not propose a
single algorithm, but instead examines the structural trade-offs that arise in representation,
personalization, retrieval, deployment, and governance. The discussion draws on neural
information retrieval, interactive information retrieval, fairness literature, and operational
perspectives to identify enduring tensions in building such systems. By situating the technical
design space within broader socio-technical infrastructures, the paper offers a forward-
looking perspective on sustainable and responsible conversational search.

2. Conceptual Foundations of Cross-Domain User Intent

User intent in search has historically been modeled through query classification, click
behavior, and session context. In conventional web search, intent categories such as
informational, navigational, and transactional provide a coarse but useful abstraction for
ranking and evaluation. However, conversational search systems require finer-grained intent
representations because an utterance may perform multiple functions simultaneously. A user
statement can assert a constraint, request a recommendation, clarify a previous turn, or change
the topic. Cross-domain modeling introduces additional heterogeneity because the same
surface utterance can signal different intents depending on whether the current domain is
retail, travel, health, or local services. Domain-specific user interest models, such as deep
interest networks for click-through prediction, illustrate the value of learning rich behavioral
representations from high-volume interaction logs [9].

The conceptual foundation of cross-domain intent modeling lies in separating domain-
invariant intent structure from domain-specific expressions of that structure. Domain-
invariant elements include information need type, urgency, specificity, and the user's
willingness to accept recommendations. Domain-specific elements include entities, attributes,



constraints, and service actions. A robust cross-domain system can learn shared
representations for intent dynamics while allowing domain adapters to capture vocabulary and
task constraints. This separation is not merely an engineering convenience; it reflects the
observation that information seeking is a general human activity that is realized differently
across domains [8]. Search engines have long combined general retrieval algorithms with
domain-specific indexing and ranking features [10]. Neural ranking models extend this logic
by learning semantic matches between queries and documents across heterogeneous
collections [11], [12].

Cross-domain intent modeling also requires a clear account of transferability. Not all intent
signals are equally transferable. A user's preference for immediate answers may generalize
across domains, while a user's preference for luxury hotels may not transfer to restaurant
selection without careful abstraction. Pretrained language models provide a basis for transfer
because they encode broad linguistic regularities that can be fine-tuned with domain data [4].
Continued pretraining frameworks further illustrate how general-purpose representations can
be adapted to multiple domains without catastrophic forgetting [13]. Sentence encoding
methods for natural language inference demonstrate that task-specific modifications can
preserve general semantic capabilities while improving performance on targeted objectives
[14]. These technical findings support a layered architecture in which general intent
representation, domain adaptation, and task-specific decoding are treated as distinct but
jointly optimized components.

3. Architectural Considerations for Conversational Search Systems

Architectural choices shape how cross-domain intent models are built, evaluated, and
maintained. A conversational search system typically includes automatic speech recognition
or text input processing, dialogue state tracking, intent recognition, query rewriting, retrieval,
ranking, response generation, and personalization modules. Cross-domain capability can be
introduced at different layers. Shared intent encoders may be used across domains, domain-
specific projection layers may map general intent representations into task spaces, and
retrieval indexes may remain isolated to respect data governance boundaries. The structural
trade-off is between shared capacity and domain isolation. Shared capacity improves sample
efficiency and enables zero-shot transfer, but it also increases the risk of interference when
domains have conflicting feature distributions. Domain isolation improves accountability and
maintainability, but it may reduce the system's ability to generalize rare intents.

The conversational nature of the system introduces stateful processing requirements that are
less prominent in single-turn search. Dialogue state tracking must maintain a belief over the
user's goal, constraints, and preferences across turns. Intent recognition is therefore not a one-
shot classification problem but a recurrent inference process over an evolving state [1], [5].
Transformer architectures allow the system to condition on long dialogue histories and attend
to relevant previous turns [3]. However, long context modeling is computationally expensive,
and deployed systems often impose context windows that can truncate important user
constraints. The architecture must balance representational richness against latency, memory,
and cost. This is particularly important in spoken conversational search, where users expect
low-latency natural interaction [6].

A further architectural concern is the distinction between generative and discriminative
components. Large language models can generate natural language responses that blend
retrieved information with inferred intent, but they are not always reliable as retrieval engines.
Retrieval-augmented architectures separate retrieval from generation, allowing the model to



condition on explicit evidence rather than relying on parametric memory alone. This
separation is useful for cross-domain systems because retrieval corpora can be updated
independently of inference models. Ranking components can also be modularized so that
different domains maintain different ranking models while sharing a common semantic
encoder [11], [12]. Such modularity supports continuous deployment, targeted evaluation, and
rollback without retraining the entire system. It also creates a natural boundary where domain-
specific business rules and policy constraints can be enforced.

4. Intent Representation and Cross-Domain Transfer

Representing user intent in a computational form requires a set of modeling choices about
granularity, temporality, and domain specificity. Early click models used click-through
history to infer relevance and user preferences, treating observed interaction logs as a
supervisory signal [15]. Such models are effective in high-volume domains where interaction
data are abundant, but they are less suitable for sparse conversational settings. Cross-domain
transfer can mitigate data sparsity by pooling similar intent types across domains. However,
pooling must be guided by a clear notion of similarity. For example, a purchase intent in e-
commerce and a booking intent in travel share a transactional structure but differ in attributes,
constraints, and risk. A well-designed cross-domain intent model learns to represent the
transactional structure as a shared latent variable while preserving domain-specific attribute
spaces.

The temporal dimension of intent is particularly important in conversational search. User
intent can shift rapidly within a session, and the system must distinguish between a genuine
shift and an anaphoric continuation. Dialogue history encoding methods based on
bidirectional transformers [4] or enhanced sequential encoders [14] can capture local
dependencies, but they require careful handling of long-range dependencies. The model must
also account for the fact that users may express partial preferences before committing to a
final decision. Exploratory search models have long recognized that information seeking is
often iterative, uncertain, and influenced by what the user encounters during the search
process [16]. Cross-domain intent models should therefore not treat intent as a fixed label to
be predicted once; they should model intent as a probability distribution over latent goals that
is refined as new evidence arrives.

Another representational issue is the degree of interpretability. Black-box neural intent
models may achieve high predictive accuracy while offering little insight into why a
particular clarification question was selected or why a result was retrieved. Interpretable
representations are valuable for debugging, fairness auditing, and user trust. Hybrid
architectures can pair neural encoders with structured domain ontologies or attribute-value
representations to provide a symbolic anchor for intent decisions. This approach is
particularly relevant in cross-domain settings because domain experts can inspect whether the
shared intent representation has captured the correct abstraction. It also supports policy-level
governance by enabling auditors to trace how a user's demographic or behavioral attributes
influence intent predictions.

Cross-domain transfer can be organized along a spectrum from fully shared to fully isolated
models. Fully shared models maximize parameter efficiency and can transfer common
conversational patterns, but they may be vulnerable to negative transfer when domains have
strongly divergent feature distributions. Fully isolated models allow precise optimization but
cannot generalize to emerging domains or low-resource categories. Intermediate architectures,
such as shared encoders with domain-specific adapters, offer a pragmatic compromise. The



same transformer backbone can encode user utterances and dialogue context, while
lightweight adapters transform the shared representation into domain-specific intent scores.
This modular design also aligns with operational governance because domain owners can
update adapters without destabilizing the shared backbone. Continued pretraining and
adapter-based fine-tuning strategies have shown that such architectural separation can be
implemented without severe performance loss [13].

5. Personalization, Context, and Retrieval

Personalization adds another layer of complexity to cross-domain intent modeling. A
conversational search system must infer not only what the user wants but also which aspects
of the user's history are relevant to the current request. Historical interaction logs can be
powerful signals for preference learning, but they are also noisy and may encode stale
preferences. Human-Al interaction guidelines have emphasized that systems should make
clear when personalization is being used, allow user control, and avoid overreliance on
inferred preferences [17]. In cross-domain settings, these requirements become more
challenging because a preference learned in one domain may be misapplied in another. For
instance, a user's frequent purchases in a high-price category should not automatically imply a
preference for high-price options in unrelated service domains. Personalization models must
therefore include domain-aware gating mechanisms that determine which parts of the user
profile are transferable.

Context-aware retrieval is especially important for local categorical queries, where the user's
intent often depends on location, time, device, and immediate situational constraints. Recent
work on Al-driven personalization across domains for local categorical query understanding
has highlighted the importance of context-aware retrieval in local service settings [18]. Local
intents such as nearby dining, entertainment, or urgent services cannot be resolved by lexical
matching alone. The system must infer whether the user is seeking a recommendation,
comparing options, or trying to complete a transaction. Cross-domain personalization in this
context involves learning shared patterns about urgency and proximity while preserving
category-specific constraints. This line of work reinforces the broader observation that context
is not a fixed input but a dynamic interpretation process involving the user, the platform, and
the service environment.

Retrieval in conversational search must also support incremental and interactive refinement.
Users often begin with vague expressions and then provide additional constraints after
observing initial results. The system should therefore combine retrieval and clarification in a
way that minimizes user burden while maximizing information gain. This requires modeling
the expected value of different clarification questions. A cross-domain intent model can
inform this process by estimating how much a user's intent distribution would shift under
possible answers. In high-risk domains such as health or legal search, clarification becomes
particularly important because misunderstanding the intent can have serious consequences.
Personalization must be handled cautiously in such settings, and the system should be
transparent about the evidence used to refine its interpretation of the user's need.

6. Robustness, Fairness, and Governance

Fairness and robustness are integral to the design of cross-domain intent models. Survey work
on bias and fairness in machine learning has identified multiple sources of bias, including
historical bias, representation bias, and measurement bias [19]. Conversational search systems
are exposed to all of these because they learn from interaction logs, language models, and



user feedback signals that reflect existing social inequalities. A cross-domain intent model
may learn spurious associations between certain user attributes and intent categories,
especially when those attributes are unevenly distributed across domains. Without careful
intervention, the system may systematically misunderstand the intents of underrepresented
users or route them toward lower-quality results. Fairness therefore cannot be reduced to
optimizing a single aggregate metric; it requires a careful examination of downstream
consequences for different user groups.

Large pretrained language models have amplified both the capabilities and the risks of
conversational search. Critical analyses have shown that such models can reproduce
problematic social biases and may create the illusion of understanding even when their
outputs are statistically derived from large corpora [20]. In cross-domain systems, the use of
shared pretrained encoders means that biases learned from broad web data can propagate into
domain-specific intent predictions. This creates a governance challenge because domain
owners may not be aware of the full provenance of the shared representation. Auditing
mechanisms must therefore span both the shared backbone and the domain-specific adapters.
In addition, fairness issues in online advertising and delivery systems have demonstrated that
seemingly neutral optimization objectives can lead to discriminatory outcomes when user
populations are segmented by sensitive attributes [21]. Cross-domain intent models that
personalize ads, recommendations, or local services must be evaluated for such disparate
effects.

Governance frameworks for algorithmic accountability can help manage these risks. End-to-
end auditing approaches emphasize the importance of documenting model purpose, data
sources, design choices, and deployment context, as well as creating channels for external
review [22]. In conversational search, such documentation should include the domains
covered by the system, the intent taxonomy used, the personalization signals incorporated,
and the procedures for handling sensitive queries. Foundation model analyses further suggest
that the broad deployment of general-purpose model families requires coordinated evaluation
across tasks, domains, and societal impact dimensions [23]. Cross-domain intent models
occupy an intermediate position between domain-specific systems and general-purpose
assistants. They inherit many of the risks of foundation models while also facing domain-
specific compliance obligations.

Robustness is closely related to fairness. A robust cross-domain intent model should maintain
reasonable performance when the input distribution shifts, when dialogue patterns change, or
when new domains are introduced. Domain adaptation can fail silently if the shared
representation overfits to high-resource domains. Evaluation should therefore include stress
testing across demographic groups, linguistic registers, and domain shifts. This requires
infrastructure for dataset curation, annotation, and longitudinal tracking of model behavior.
Governance structures should assign responsibility for these evaluations rather than assuming
that model developers will perform them voluntarily. In many cases, external audits and
regulatory oversight can provide incentives for more careful system design.

7. Deployment and Operational Sustainability

Deployment of cross-domain conversational search systems requires attention to latency,
scalability, data freshness, and system drift. Modular architectures help operational teams
make targeted updates to domain adapters, retrieval indexes, and ranking components without
retraining the entire pipeline. Learning-to-rank techniques provide a mature operational
framework for combining multiple relevance signals in a reproducible manner [24]. In cross-



domain systems, learning-to-rank models can be trained separately for different domains
while still consuming shared intent representations. This allows domain-specific business
rules to be encoded in the ranking layer without altering the shared semantic encoder. It also
facilitates staged rollouts and rollbacks when a domain model degrades.

Data governance is a major operational concern. Cross-domain intent modeling often requires
combining data from multiple product areas, each with its own retention policies, privacy
requirements, and consent flows. The system architecture must support fine-grained data
provenance so that a user's data from one domain is not used in another domain without
appropriate authorization. Privacy-aware personalization can be implemented through
cryptographic techniques, federated learning, or on-device inference, but these approaches
introduce additional latency and complexity. The operational challenge is to balance
personalization quality with privacy and regulatory compliance. A shared representation
learned from centralized data may improve accuracy, but it also increases the scope of
potential harm if a breach occurs. System designers should therefore consider data
minimization and purpose limitation as architectural constraints rather than legal afterthoughts.

Sustainability also includes model maintenance. Conversational search systems must be
updated as language evolves, new entities appear, and user behavior shifts. Continuous
evaluation requires a robust telemetry infrastructure that can detect intent misclassification,
retrieval failures, and emerging fairness issues. However, telemetry itself carries privacy risks.
Metrics should be designed to capture aggregate system behavior without creating fine-
grained behavioral profiles that could be misused. Cross-domain systems face the additional
problem that a change in one domain adapter may affect upstream shared components and
downstream ranking behavior. Versioned model registries, staged deployment pipelines, and
automated regression testing can reduce this coupling risk. Long-term sustainability is
therefore not only a technical goal but also an organizational capability.

8. Policy Implications and Socio-Technical Considerations

Cross-domain user intent modeling raises policy questions that extend beyond technical
performance. One central issue is the potential for disparate impact when automated systems
make consequential decisions about access to information, services, or economic
opportunities. Legal scholarship has argued that data-driven decision-making can produce
discriminatory effects even when protected attributes are not explicitly used [25]. In
conversational search, discriminatory effects may emerge when intent models systematically
misinterpret dialects, fail to recognize nonstandard phrasings, or rely on proxies for
socioeconomic status. Policy responses must therefore address both intentional discrimination
and structural inequality embedded in training data and evaluation practices.

Transparency is another policy concern. Users may not know when a conversational search
system is personalizing results, inferring sensitive attributes, or using cross-domain
behavioral history. Meaningful transparency requires more than a privacy policy written in
general terms. It should include accessible explanations of how the system interprets intent,
why certain results are returned, and how users can contest or correct the system's inferences.
Cross-domain systems make this transparency more difficult because an inference made in
one domain may affect results in another domain without the user's awareness. Policy
frameworks should require clear disclosure ofthe cross-domain signals and inferred attributes
that shape ranking, recommendation, and response generation. Without such disclosure, users
cannot meaningfully assess why they are receiving particular results or exercise effective
control over the inferences made about them. Cross-domain systems create a distinctive form



of information asymmetry because the user may be aware of only one domain context while
the system draws on a profile assembled from many domains. A shopping interaction may be
influenced by earlier health-related queries, a local search may be informed by prior travel
behavior, and a financial assistant may incorporate signals from social media activity. These
secondary uses are not inherently illegitimate, but they require explicit governance because
the user is often unable to anticipate or contest them.

A further socio-technical concern is that cross-domain intent modeling is embedded in
broader platform infrastructures that are not neutral with respect to social power. Search
systems shape how people discover information, access services, and form beliefs. When
intent inference is optimized primarily for engagement or commercial conversion, the
resulting system may systematically favor certain interpretations of user need while
marginalizing others. This is especially consequential for local categorical search, where
small differences in intent interpretation can determine whether a user is exposed to one
business rather than another, one healthcare option rather than another, or one public service
rather than another. The governance of cross-domain intent models must therefore include
mechanisms for community input, independent evaluation, and transparent reporting about
how the system performs across different user populations and domain contexts.

Accountability frameworks should also address the distributed nature of intent inference. In a
modular cross-domain system, a single user intent may be affected by a general language
encoder, one or more domain adapters, a personalization layer, and a ranking component.
When a harmful inference occurs, it can be difficult to attribute responsibility to any single
module. End-to-end auditing can help by requiring documentation of each component, its
training data, its intended behavior, and its known limitations. However, auditability alone is
insufficient if the system evolves rapidly through continuous learning. Policy mechanisms
must therefore require stability in high-risk domains, mandatory review before major model
changes, and the preservation of audit trails over meaningful periods. These requirements can
be supported by infrastructure such as model registries, dataset cards, and behavior logs, but
they also depend on organizational incentives that treat accountability as a core objective
rather than a compliance burden.

Finally, cross-domain intent modeling raises important questions about user autonomy and
the legitimacy of inferred knowledge. Users often reveal information indirectly through their
interactions, and they may not expect that information to be abstracted into an intent profile
that travels across domains. Respecting user autonomy requires that systems offer meaningful
choices about cross-domain personalization, including the ability to limit transfer between
sensitive domains. It also requires that defaults be designed to avoid surprising uses. A health
domain intent model should not, by default, incorporate behavioral history from unrelated
commercial domains unless the user has been clearly informed and has consented. These
design choices have policy implications because they shape whether users can effectively
govern their own informational boundaries. Without such safeguards, cross-domain intent
modeling may improve short-term relevance at the cost of long-term trust and social
legitimacy.

9. Conclusion

This paper has examined cross-domain user intent modeling for intelligent conversational
search systems from a system-level and socio-technical perspective. The central argument is

that cross-domain intent modeling is not simply a predictive modeling task but a complex
design space involving representation, architecture, personalization, retrieval, fairness,



deployment, and governance. The paper has shown that user intent in conversational search is
dynamically negotiated and cannot be reduced to a fixed label. It has examined architectural
trade-offs between shared representation and domain isolation, emphasizing the value of
modular designs that combine general intent encoders with domain-specific adapters. It has
discussed how personalization and context-aware retrieval are especially important for local
categorical queries, where situational factors and user history interact in subtle ways. It has
also argued that robustness, fairness, and governance must be treated as first-order design
constraints rather than as post-deployment corrections. Cross-domain systems pose distinctive
risks because an inference made in one domain may propagate into another, creating forms of
informational influence that are opaque to users and difficult to audit. Sustainable
conversational search systems therefore require coordinated attention to model architecture,
data governance, operational maintenance, and accountability frameworks. The future
development of cross-domain intent modeling should not focus solely on improving
predictive accuracy. It should also invest in interpretable representations, domain-aware
personalization, fairness evaluation, transparent deployment infrastructure, and policy
mechanisms that protect user autonomy. Only through such a comprehensive approach can
intelligent conversational search systems fulfill their promise without undermining the trust
and equity that legitimate information access requires.
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