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rl intent ui
Develop an RL-based framework to dynamically predict user intent and adapt the

user interface in real-time, enhancing personalization and user experience.

ul View Comparison Table / View Experiment Plan
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With increasing complexity in digital environments, user interfaces that can
adapt to user intents promise significantly improved usability and satisfaction
This is crucial in domains like e-commerce, education, and customer service,
where personalized interactions can drive engagement and productivity.
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rl intent ui simple

Develop a simplified RL-based framework using Q-learing o predict user intent
and adapt the user interface in real-time, focusing on practical implementation
and phased deployment starting with simple Ul elements.

ul View Comparison Table / View Experiment Plan

® Impact 4 75  Feasibiity Z 75  Novelty & 70

With increasing compleity in digital environments, user interfaces that can
adapt to user intents promise significantly improved usability and satisfaction.
This is crucial in domains like e-commerce, education, and customer service,
where p i ions can drive engag and p
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Figure 1: The user can directly manipulate a research intent by dragging and dropping it along the feasibility dimension,

generating a more feasible iteration.

ABSTRACT

We present Direct Intent Manipulation (DIM), a GenAl-powered
user-interface paradigm that treats nascent research intents as first-
class, draggable objects within an ever-updating spatial canvas.
Users can directly drag intents along quantitative axes such as nov-
elty and feasibility. Each drag or merge will rewrite the chosen
intent and re-scores every item in the landscape, giving immediate
visual feedback and preserving context. By extending the classi-
cal virtues of direct manipulation—continuous representation and
incremental operation—to the abstract level of research ideation,
DIM empowers scientists to fluidly generate and evolve hypotheses
without wrestling with opaque prompts or rigid forms.
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1 INTRODUCTION

Since 2024, there has been a marked increase in research investigat-
ing the use of Al to advance scientific discovery [6, 7, 11]. Scientific
inquiry necessitates the systematic execution of a wide range of
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tasks—including literature review, experimental design, and empir-
ical investigation—many of which are increasingly being facilitated
by reasoning-capable models augmented through reinforcement
learning [6, 11, 17].

Nevertheless, the capacity to evaluate and iteratively refine
appropriate research directions—particularly in selecting contex-
tually relevant, feasible, and scientifically meaningful research
ideas—remains a significant limitation of current autonomous sys-
tems. Human expertise plays a critical role in this process, espe-
cially in exercising the nuanced judgment required to discern which
research pathways warrant further pursuit and which should be
discarded. For instance, Yang et al. [22] report that GPT-4’s evalua-
tions of research ideas exhibit a correlation with assessments from
doctoral students in the range of 30% to 50%, typically differing
by one point on a five-point Likert scale. Such discrepancies are
particularly salient in evaluative dimensions such as conceptual
clarity and methodological validity [10].

To advance human-Al alignment in research ideation and eval-
uation, we build on recent work in intent-based user interfaces [2].
We conceptualize brief, ambiguous research ideas as examples of
intent (e.g., “I want to know more about X,” or “I want to solve Y”)
and introduce Direct Intent Manipulation (DIM)—an interac-
tion paradigm that enables direct manipulation of research intents
within a spatial visualization.

2 BACKGROUND

2.1 From Execution-oriented Interfaces to
Intent-based User Interfaces

With the advent of LLMs, users increasingly convey goals in natural
language while autonomous agents execute low-level GUI opera-
tions. This shifts interaction needs from fine-grained direct control
over task execution details to the need for Intent-based User In-
terfaces that “bridges user intents with task execution” [2]. This
paradigm is exemplified by IntentPrism [21], a browser plug-in
that surfaces a live “intent tree” so users can capture, refine, and
visualise LLM-recognised intents during web foraging, and by Co-
Ladder [23], a hierarchical prompt editor that lets programmers
externalise their intent into modular blocks. Complementary agen-
tic systems show how LLMs can translate free-form prompts into
concrete actions—such as LAVE for video-editing via script-like
text [20]. Collectively, these projects position intent as a first-class
Ul element and open a design space in which Al both recognises
and actuates user goals.

2.2 Direct Manipulation at the Intent Level

One commonly adopted method for interacting with user intent
is through prompt-based chat interfaces, exemplified by systems
such as AI Co-Scientist [6]. While prompting affords a flexible
means of conveying straightforward and well-defined intentions,
it proves inadequate when users attempt to articulate ambiguous
intents that require precision. For example, a prompt like “Please
make the research idea a little more novel” is underspecified—the
phrase “a little more novel” lacks quantifiable clarity, leaving its
interpretation open-ended and context-dependent.

Direct manipulation could be a powerful approach for expressing
verbally ambiguous intent precisely. Ben Shneiderman introduced
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the term direct manipulation in 1982 to characterize user interfaces
that provide continuous visual feedback, support reversible actions,
and enable rapid, incremental interaction [16]. This interaction
paradigm played a key role in the transition from command-line
interfaces to graphical user interfaces (GUIs).

Direct manipulation builds upon humans’ evolved spatial rea-
soning abilities [8]. Even when dealing with abstract concepts,
individuals can adapt to their spatial and embodied representations.
Girdenfors models concepts as regions in a geometric space, argu-
ing that spatial reasoning bridges the gap between discrete symbols
and subsymbolic data [5]. Semantic-interaction systems such as
ForceSPIRE [4] map drag gestures to latent-model updates, enabling
analysts to “teach” their algorithms in situ, while Drag-and-Track
extends this paradigm to machine-learning parameter spaces [13].

However, many GenAl interfaces prioritise inspection and explo-
ration over direct manipulation. Luminate, for example, lets users
observe Al-generated content along multiple dimensions but re-
stricts revisions to prompt-based commands [19]. Similarly, the AI
Policy Projector visualises policy landscapes alongside a tabular
authoring panel, but does not offer direct manipulation of policies
within these spatial representations [9].

Some recent work has explored direct manipulation of intents
in creative writing contexts. For example, PatchView [1] enables
world-builders to rearrange generative “dust” patches to navigate
and shape narrative spaces. We call this emerging interaction par-
adigm “Direct Intent Manipulation”, and develop it further by ex-
tending it to the research ideation context.

3 SYSTEM DESIGN

Our system instantiates Direct Intent Manipulation by projecting
Al-evaluated research intents onto a spatial canvas where users use
direct manipulation to refine and merge them, preserving the im-
mediacy of direct manipulation while operating on abstract intent.

3.1 Design of Direct Intent Manipulation

In this context, iteration allows users to refine, reframe, or evolve
their research intents — represented as nascent research ideas —
based on both human and Al evaluations [14]. Existing systems
that support iterative development of research intents often employ
node-link diagram interfaces to help users visualize and update
hypotheses [3] and ideation trajectories [14].

Moving beyond iteration, merging provides a mechanism for
users to evolve one intent into another by integrating multiple
scientific or design intents [15, 18]. Prior tools for intent merging
have primarily utilized modular, faceted grid interfaces [15, 18] or
template-based approaches [12].

Building on this body of work, our prototype supports three core
types of direct manipulation of research intents via drag-and-drop
interactions within the spatial canvas:

(1) Revise a research intent along dimensions such as novelty
and feasibility,

(2) Revise the evaluation of an intent, and

(3) Merge two intents to synthesize new intents.



Towards Direct Intent Manipulation

3.2 Example Usage Scenario

Upon receiving the user’s input query, “rl for user intent interface,”
the system generates three initial research intents and correspond-
ing evaluation of its potential impact, feasibility, and novelty. Then
the user selects the intent titled “Context-Aware RL UL” and aims
to enhance its feasibility. By dragging this intent towards more
feasible direction, the system generates a refined intent: “Simpli-
fied Context-Aware RL UI” The user then expresses interest in
both “Probabilistic RL UI” and the newly generated “Simplified
Context-Aware RL UI” To investigate a potential synergy between
these two intents, the user performs a drag-and-drop operation
to merge them. This interaction prompts the system to generate a
synthesized hybrid intent “Hybrid Context-Aware UL”
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