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Abstract
The rapid advancement of AI is transforming human–centered
systems, with profound implications for human–AI interaction,
human–data interaction, and visual analytics. In the AI era, data
analysis increasingly involves large-scale, heterogeneous, and mul-
timodal data that is predominantly unstructured, as well as founda-
tion models such as LLMs and VLMs, which introduce additional
uncertainty into analytical processes. These shifts expose persis-
tent challenges for human–data interactive systems, including per-
ceptually misaligned latency, scalability constraints, limitations of
existing interaction and exploration paradigms, and growing uncer-
tainty regarding the reliability and interpretability of AI–generated
insights. Responding to these challenges requires moving beyond
conventional efficiency and scalability metrics, redefining the roles
of humans and machines in analytical workflows, and incorporat-
ing cognitive, perceptual, and design principles into every level
of the human–data interaction stack. This paper investigates the
challenges introduced by recent advances in AI and examines how
these developments are reshaping the ways users engage with data,
while outlining limitations and open research directions for build-
ing human–centered AI systems for interactive data analysis in the
AI era.
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1 Introduction
The growing influence of AI is fundamentally changing how hu-
mans interact with, explore, and reason about data, as well as how
human–centered systems are designed and implemented. Advances
in AI–driven techniques have expanded the scope of interactive
data analysis beyond structured tables to include large-scale, het-
erogeneous, and multimodal data such as text, images, audio, video,
and visually rich documents. As a result, data analysis increasingly
involves information that is unstructured, weakly indexed, and
costly to inspect, which challenges traditional query–then–explore
workflows that rely on well-defined schemas, stable metadata, and

⋆ Key Insights

j The AI era introduces new, tightly coupled requirements
for human–data interaction systems. Systems must deliver
perceptually aligned responsiveness and scalability, natively
handle multimodal and unstructured data, support guidance
and emerging interaction and exploration paradigms, leverage
visualization capabilities, and remain robust to AI uncertainty
through progressive feedback and trustworthy analysis.

j Latency and scalability are fundamental barriers. Chal-
lenges such as multimodal data, next-generation interfaces,
embeddings, complex interactions, and high-velocity streams,
require rethinking core data management techniques to meet
perceptual latency constraints and support the development of
scalable and reliable human–centered systems. Also, DLmodels
must also scale to large training datasets.

j End–to–end system design is essential. Interfaces must
evolve toward multimodal, action-oriented, and adaptive en-
vironments that integrate modalities such as NL, gestures,
narrative-rich generative visualizations, and AR/VR. Supporting
these capabilities, as well as low-latency performance and scal-
ability, requires coordinated design across system architectures,
data operations, AI components, interfaces, and visualization.

j AI models are powerful but require human–in–the–loop
oversight. AI–driven techniques can enable guidance-driven
exploration, semantic understanding, data-oriented and ex-
ploratory tasks, and improved system usability. However, their
brittleness, error-proneness, unpredictability, and biases under-
score that human involvement remains indispensable.

j Visualization is shifting from static depiction to genera-
tive and adaptive guidance. Visualization is no longer static
but an active, generative system component. Progressive, nar-
rative, and aesthetics-aware visualizations guide attention, en-
hance interpretability, and mediate trust in AI–driven analytics.

j Sustained cross-disciplinary collaboration is crucial. The
diversity of emerging challenges underscores the need for close
collaboration among the systems, databases, AI, information
visualization, HCI, computer graphics, and cognitive science
communities.



predictable access patterns. These shifts place new demands on
human–centered systems.

In practice, usersmust iteratively explore data, reformulate queries,
and verify intermediate results under uncertainty; often without a
clear understanding of what the data contains or which questions
can be meaningfully asked. At the same time, interactive analysis
imposes strict perceptual latency constraints. Delays of even a few
seconds can disrupt analytical reasoning, bias exploration, and
reduce the effectiveness of human–AI collaboration. Taken together,
these challenges reveal fundamental limitations in existing system
architectures, data management techniques, interaction paradigms,
and visualization approaches.

Addressing the previously discussed challenges requires a fun-
damental rethinking of interactive data systems as end–to–end,
human–centered pipelines. Rather than treating data management,
AI models, interfaces, and visualization as loosely coupled com-
ponents, future systems must be co-designed to support iterative,
guidance-driven, and mixed-initiative exploration.

Latency and scalability emerge as cross-cutting constraints. They
shape not only system performance, but also user behavior, cogni-
tive load, and the feasibility of exploratory workflows. Supporting
interaction at the speed of human thought demands new abstrac-
tions, query processing methods, data indexing schemes, and ap-
proximation strategies that are explicitly aware of interface struc-
ture, human perception, and interaction context.

The growing reliance on foundation models (e.g., LLMs and
VLMs) and other deep learning models (e.g., GANs and GNNs) also
introduces new concerns, including non-determinism, error propa-
gation, bias, and the cost of verification. These issues reinforce the
necessity of keeping humans meaningfully involved in the analyti-
cal loop, with explicit support for oversight, provenance, and trust
calibration.

Interfaces themselves are also evolving. Next-generation inter-
faces increasingly move toward multimodal, action-oriented en-
vironments that integrate natural language interaction, gestures,
immersive technologies such as augmented and virtual reality
(AR/VR), and continuous feedback. These interfaces enable more
direct and intuitive engagement with complex data, but they also im-
pose new requirements on underlying systems, including real-time
responsiveness, progressive result refinement, and adaptive guidance.
In such settings, interaction becomes tightly coupled with percep-
tion and action, further amplifying the need for co-design across
systems, interfaces, and visualization.

In this evolving landscape, visualization play an increasingly
central role. Visualization is no longer a passive output of analysis,
but an active system component that supports exploration, query
reformulation, guidance, verification, and feedback. Progressive,
adaptive, and narrative-driven visual representations can help users
navigate uncertainty, focus attention, and assess the reliability of
AI–assisted results.

In summary, the AI era ecosystem requires that human–data in-
teraction systems deliver real-time, cognition-aware performance and
scalability, effective multimodal data handling, and advanced visual
analytics, while simultaneously supporting user guidance, progressive
sensemaking, and trustworthy analysis under AI uncertainty.

Drawing on perspectives from databases, AI, information visual-
ization, human–computer interaction, and computer graphics, this

paper presents the key challenges and outlines research directions
for building scalable, reliable, and human–centered interactive data
systems in the AI era.

We also point readers to the following review papers for further
details on the discussed topics: (1) Human–AI collaboration [1–4];
(2) Human–centered data management [5–17]; (3) Visual analyt-
ics [18–21]; and (4) AI and visual analytics [22–32].

Each section presents the perspective and insights of an author,
as follows: EugeneWu (Sec. 2), Dominik Moritz (Sec. 3), Jean-Daniel
Fekete (Sec. 4), Arnab Nandi (Sec. 5), Senjuti Basu Roy (Sec. 6),
and Yifan Hu (Sec. 7). The first author contributed equally to the
manuscript content, while the last five authors coordinated the
preparation, harmonization, and enrichment of the manuscript.

2 Interface-System Co-Design
Data management as a discipline is fundamentally about making it
easier to see, analyze, and interact with data by designing data mod-
els, query abstractions, and execution engines—always with an ap-
plication class in mind. Data visualization pursues a closely aligned
goal, but centers its focus on on user experience, perceptually-aware
design, and interaction techniques. Systems for human–data inter-
action sits at the intersection of both disciplines and must account
for both usability, resource, and system constraints, which often
conflict with each other. However, doing so is difficult at arm’s
length. Progress requires not only modeling interfaces and user
interactions in ways that make system design tractable, but also
leveraging system and query capabilities to expand the interfaces
that are possible.

This section summarizes the evolution of how data systems
have used increasingly richer models of the interface to inform
the system designs. We further argue that system design need not
be reactive to known application needs, but can be inspiration for
altogether new interface and interaction designs. These arguments
are discussed in greater depth in Wu et al. [5].

Interfaces as SQL-Workloads. The most direct approach–what
we term the SQL-workload approach–is to treat visualization as a
SQL-workload generator. This is sensible because most visualiza-
tion systems indeed translate user interactions into SQL queries,
execute those queries in a DBMS, and then update the interface
with the query results. For instance, IDEBench [17] generates SQL
queries inspired by cross-filtering visualizations. Under this model,
improving query execution throughput or latency directly improves
the responsiveness of the interfaces, and variations of classic data-
base techniques such as approximation [33–46], query prefetch-
ing [47–51], shared scans [52], precomputation [53–55], and index-
ing [55–58] have shown success. We refer to [5, 8, 11] for survey.

Interfaces as System Constraints. However, this SQL-workload
approach does not focus on the interface’s unique set of constraints.
These constraints motivate new and challenging classes of data
management problems. First, as pointed out by Jiang et al. [15],
simple workload statistics like P95 latency or query throughput do
not translate into fluid user experiences. A single click may trigger
a dozen parallel queries and the user expectation can vary from
all queries responding simultaneously, only the queries “above the
fold”, or only the query for the “central chart”. In addition, when



components of the interface update in response to interactions
matters [12, 59–61].

As Chen et al. [62] argue, there is a Design Dependence between
how interfaces and interactions are specified and the system designs
required to support them. In practice, this dependence cuts both
ways: systems are often aggressively optimized for a narrow set of
visualization and interaction patterns, which in turn biases design-
ers toward interfaces that are easy to build rather than those that
are desirable or expressive. As researchers develop increasingly spe-
cialized optimizations—each encodes implicit assumptions about
the user needs, interface designs, and interaction semantics—the
complexity of selecting, configuring, and composing these optimiza-
tions grows combinatorially. Much like physical database design,
this burden should not be placed on human designers. This can
result in a form of “streetlight effect,” where interface designs con-
verge around what existing systems easily support, rather than
exploring what is possible or effective. This motivates the need for
interface-aware system optimizers that can reason jointly about
interface structure and system design [62].

Second, SQL-workloads are only representative of visualizations
created today, which themselves are limited by what today’s sys-
tems can support. For instance, the vast majority of visualization
systems, and thus the SQL-workloads, assume that the input is a
single table or view. Yet hiding the underlying join dependencies
introduces subtle semantic errors [63, 64]. Techniques based on
factorized query execution and semiring aggregation have been
successfully adapted to scale interactive visual analysis over large
join graphs [65], and introduce a variation of view maintenance
under incremental changes to the query, rather than the input data.

Interfaces as First-class Abstractions. As a full-stack commu-
nity, we have the option of introducing new system designs, and
changing the system abstraction to access new performance fron-
tiers and empowering interfaces with new capabilities. This can
vary from introducing a new API so designers can specify new
models of user perception to inform approximation algorithms [34],
replacing traditional request-response prefetching with a commu-
nication model inspired by video streaming [50], and identifying
the equivalence between interaction and provenance [66] to sim-
plify interface development [67] and advance provenance systems
research [68, 69] at the same time.

Existing data management research naturally translates into
new visualization features, but requires a careful co-design with
interface and interactivity requirements. For instance, the data man-
agement community has explored algorithmic techniques to explain
analysis results [70–75], but careful design, interactive latencies,
and simple abstractions are needed for wide-spread adoption in any
visualization [76]. As another example, data cube and comparison
theory from two decades ago [77] can motivate new interaction
designs to support visual comparison of any combination of charts,
marks, and/or values in a data interface [78, 79].

Rethinking Visualization Interfaces Altogether. It is also valu-
able to rethink how visualizations are designed, optimized, and im-
plemented. Today, this requires a unicorn designer who is an expert
in the domain, visualization design and implementation, and system
optimization, or to coordinate hand-offs of a team of designers and
developers—known to be fraught with challenges [20]. What if we

� Main Takeaway [Section 2]

� Co-design of data systems and interfaces is critical: perfor-
mance, system abstractions, and interaction design jointly de-
termine user experience, and visualization cannot be optimized
independently of data management.

� Traditional workload-centric metrics (e.g., query latency) are
insufficient; interface-aware performance models that account
for perceptual constraints, interaction structure, and partial
results are necessary to support fluid, interactive analytics.

� New system abstractions and AI integration enable inno-
vation. Introducing new APIs, communication models, and
provenance-aware designs, combinedwith automating interface
design and extending visualization theory beyond single-table
inputs, can make interfaces more powerful, interactive, and
capable of fully leveraging AI.

could synthesize the interface design (or thousands of designs) sim-
ply from samples of the desired analysis queries [80, 81], annotate
the interactions with their latency requirements, and automatically
instantiate an end–to–end client-server architecture that, when
pointed to a cloud DBMS, guarantees the desired interactivity [62]?

Data visualization is a young and evolving field, and data man-
agement research can also inform new visualization abstractions
and theories. For instance, what is an intermediate representation
of the interface and analysis that is easy to write, amenable to au-
tomatic optimization, and can be used to rapidly synthesize new
interface designs? Recent work by Chen et al. [82] proposes a Data
Interface Grammar, but this remains an open challenge. Another
open question is the line between data processing and visualiza-
tion—how much of the visualization and user analysis process can
be modeled as “just a query?” [83].

Finally, as hinted at above, visualization theory that modern
visualization grammars and libraries are predicated on, and fun-
damentally assumes, that the input is a single table. Yet relational
theory makes it clear that a single-table does not adequately model
all data. Is there a way to extend “single-table” visualization the-
ory to a theory of Database Visualization [84, 85]? This potentially
could expand the scope of visualization systems much in the same
way as the introduction of the relational model [86].

What About AI? We would be remiss to not address how these
challenges relate to AI and LLMs. Time and again, we have seen
evidence that LLMs can mimic syntactic structure and generate
natural-looking outputs based on strong priors in its training data,
but have difficulty reasoning about logical constraints and se-
mantic structure. As such, AI heavily relies on well-designed and
well-curated tools that are appropriate for a given task. This implies
that new and clean abstractions are more important than ever!

ù Connections to Other Sections. The importance of tight
co-design between backends and interfaces, along with the revision
of data management techniques raised in this section, is also high-
lighted in the article as mandatory to enable cold-start exploration
(Sec. 4), order-of-millisecond response (Sec. 3), and real-time feedback
in multimodal and AR/VR querying environments (Sec. 5).



3 Queries at the Speed of Human Thought
Machine learning (ML) development has shifted from being primar-
ily model-centric to primarily data-centric [87]. In the early days
of ML, engineers often trained models on hundreds or thousands
of data points and meticulously tweaked the modeling function
to avoid overfitting. With the popularization of Deep Learning,
however, data became increasingly important, and many models
were derived from pre-trained models. Today, foundation models
have similar transformer architectures, and big quality differences
stem from the data on which they are trained or fine-tuned. The
data management community is well equipped to tackle many of
the quality and quantity challenges [88]. However, the full AIML
lifecycle of requirement elicitation [89], data preparation, monitor-
ing, tuning, and evaluation requires oversight by people who have
to slice and dice millions or billions of data records. Since models
synthesize patterns, a single record rarely defines the behavior of a
model, and therefore ML engineers need to understand patterns and
trends in relevant subsets [90]. Relevant subsets are hard to predict
and can rarely be precomputed. ML engineers need to grasp often
subtle patterns in large datasets full of information. As Herbert A.
Simon puts it, “What information consumes is rather obvious: it
consumes the attention of its recipients. Hence a wealth of infor-
mation creates a poverty of attention, and a need to allocate that
attention efficiently” [91]. This need to efficiently allocate attention
is where data visualization becomes crucial.

Data visualization leverages our powerful perceptual systems to
let us see patterns and trends in data. It is a critical part of any anal-
ysis and a precursor to any rigorous statistical analysis [92]. Often,
simply looking at the data from various angles uncovers new oppor-
tunities for improvement. Data visualization in the AIML lifecycle
let us overview and design datasets for training, fine-tuning, and
evaluation. It enables the serendipitous discovery of patterns and
data issues. At the core of the necessary interactive analysis are in-
terfaces that are fast and fast to use. Well-designed mixed-initiative
systems [93] for analysis make people faster [94, 95]. We should
continue to invest in good tooling that eliminates barriers to effec-
tive analysis. Yet, many data management systems are not designed
for interactive (order-of-millisecond) latencies but rather for sec-
onds or minutes. These delays in interactive systems lead to fewer
observations made [96] and could steer analysts towards convenient
and fast data along with all the resulting biases. Fast databases, ap-
proximation [33–46], prefetching [47–51], and indexing [55–58]
can help developers build fast interactive systems. However, they
add complexity for tool builders that may prevent quick adapta-
tion of interfaces to new needs. Modern data architectures abstract
from low-level optimizations like Mosaic [97] and are being rapidly
adopted. Yet, many opportunities remain for deeper integration
with databases, which are often optimized for order-of-second re-
sponses rather than real-time order-of-millisecond responses or
may not support many of the encoding transformations used in
effective data visualizations like cartographic projections. A lot of
exciting work remains to explore new way to effectively present
billion-record datasets at the speed of human thought to facilitate
effective analysis and communication.

ù Connections to Other Sections. The demand for interaction at
the speed of human cognition discussed here is also highlighted in
several parts of the paper, mainly in Sections 2, 4, and 5. Furthermore,
the mixed-initiative perspective, as well as similar issues highlighted
in this section, are related to the need for succinct visual guidance
in multimodal exploration discussed in Section 5, as well as to Sec-
tion 7, where aesthetics and narrative are suggested as mechanisms
for directing user attention.

� Main Takeaway [Section 3]

� Nowadays, machine learning development depends heavily on
data rather than model tweaks. In the AIML lifecycle, data
visualization is an effective means for exploring and designing
datasets used in training, fine-tuning, and evaluation.

� Data management systems are often optimized for
order-of-second responses. On the other hand, interac-
tive analysis requires response times aligned with human
cognition (order-of-millisecond); delays distort exploration,
bias observations, and reduce analytical effectiveness.

� Data management techniques such as approximation, index-
ing, and prefetching can offer interactiveness but increase com-
plexity for developers. New abstractions and architectures are
needed to simplify interfaces adaptation to new requirements.

4 Scalable Visual Analytics
Visualization is a recognized component of data science, but unlike
its sibling domains, such as databases, simulation, and machine
learning, its research articles are not as concerned with scalability.
Only 2% of the articles published at the IEEE VIS conference use
a keyword related to scalability, compared to the other domains
where scalability andmanagement of large amounts of data concern
most of the published articles. Yet, in recent years, several articles
have tried to improve the situation, either by describing novel
“scalable” visualization systems [97], better defining what “scalabil-
ity” means in visualization [9], or introducing novel programming
paradigms for scaling visualization, such as progressive visual ana-
lytics [98–100] and approximate query processing (AQP) [33–46].
However, the big picture of scalability in visualization is not clear yet.
Is there a single, consensual measure to use in determining whether
we have achieved scalability in visualization, or several? What are
the next challenges we need to address to fill the scalability gap
between visualization and the other data science domains, and is it
realistic to believe we will eventually fill that gap? We identify two
key issues to address for achieving scalability in visualization, in
addition to handling large amounts of data.

Prepared vs. Cold-Started Visualization. Visualization systems
designed to explore data are interactive and should provide a con-
trolled latency to be usable [96]. But what is an acceptable latency
to start data analysis? Most visualization systems advertised for
their scalability do not consider data preparation time a major issue,
assuming that the exploration time will far exceed the preparation



time or can be done by someone other than the data analyst. How-
ever, this assumption may no longer be true. With the growing
number of public datasets available, finding out which dataset or
group of datasets could help answer a question becomes part of
the data exploration process [101], and the time from deciding to
explore a dataset to visualization cannot be considered as prepa-
ration but should rather be included in the exploration process.
The prepared systems are well-suited to recurring explorations
with well-defined queries that can be optimized using indexes.
Cold-starting systems are suited to one-time or more open-ended
explorations [10, 102, 103], such as journalist investigations or dis-
covering datasets and topics within them. The prepared systems
correspond to traditional use cases, whereas the cold-starting sys-
tems have become more important with the recent profusion of
open datasets on the web. Scalability should now consider the new
use cases made possible by integrating and joining unexplored datasets
on-the-fly. Scalable systems should mention their assumptions regard-
ing preparation time when reporting on their scalability.

Cold-starting visualization comes with several new challenges
that are well-suited to the progressive approach but will require
more research and technical development to become mainstream
since the necessary algorithms and data management systems are
not yet ready off the shelf.

Scalability of Visualization Techniques.Most visualization tech-
niques are not designed to scale to large amounts of data. When
dealing with large-scale data, uncontrollable issues arise, such as
large numbers of categories, outliers, and pathological distributions
with uneven value densities and possible long tails. Some of these
issues have been documented by Wickham [104], but none of the
popular visualization libraries provide mechanisms to overcome
them. Over the last fifteen years, the visualization community has
been relying on the Grammar of Graphics (GoG) [105] to express
visualizations; however, the GoG specifications are not designed
to be resilient to big data issues. It would require the visualization
programmer to foresee potential data issues and design the right
GoG specification before examining the data, which is unrealistic.
When dealing with large amounts of data, visualizations should
be designed to be resilient to data issues: applying appropriate ag-
gregations when necessary, filtering out outliers without hiding
them completely, and showing aggregated data in dense areas and
non-aggregated data in sparse areas. Building GoG specifications
for such operations might be possible, but certainly much more
complex than the concise specifications the GoG has been designed
for.

Scalable visualization systems should rely on data analysis and
hybrid visualizations—such as overlaying outliers onto a density
map for scatterplots [106]—to adapt to data issues. Wickham’s
Bin-summarise-smooth framework describes operators such as
“peel” to automatically remove low-density extrema from the vi-
sualizations. The GoG allows data transformations to better adapt
channels to data, such as using a logarithmic transformation for
the color scale or for positional axes when the data distribution is
not normal. However, these transformations are explicit in the GoG
at the specification level. Scalable visualizations should help ana-
lysts in inferring reasonable default values. Scalable visualizations
should provide more automation than the GoG allows, and this

� Main Takeaway [Section 4]

� Visualization research needs to place greater emphasis on scala-
bility, starting with a clear definition of what scalability entails.

� Cold-start visualization requires further development to enable
real-time exploration of new or large datasets on the fly.

� Existing visualization techniques must become adaptive and
data-aware, automatically handling outliers, skewed distribu-
tions, dense regions, and large category counts through aggre-
gation and hybrid representations.

� New paradigms are needed for scalable visual analytics, includ-
ing progressive computation and approximate query processing.

automation should rely on data analysis and hybrid visualization
techniques.

Visualization scalability will not come solely from speeding up
algorithms and data structures, or predicting user actions; many
paradigms must change. Optimizing the traditional visualization
pipeline will not scale to the three–to–five orders of magnitude re-
quired to keep up with the other data science domains; progressive
and AQP programming should take over. For specifying visualiza-
tions, the GoG is too simple to adapt to the unavoidable issues found
in large-scale datasets. More complex visualization specifications are
needed, based on data analysis and adaptation rules.

ù Connections to Other Sections. The need for perceptually
aligned latency and progressive computation mentioned in this sec-
tion is also highlighted in Sections 2 & 3. The need for adaptive,
summary-driven visual representations aligns with guidance-based
multimodal exploration (Sec. 5) and interactive query reformulation
in exploratory workflows (Sec. 6). Finally, in a different context, scala-
bility also emerges in aesthetic deep learning models, as discussed in
Section 7.

5 Querying Multimodal Data
Interacting with data increasingly goes beyond tables and text and
spans multimodal corpora such as images, video, audio, and visually
rich documents. This shift exposes a fundamental challenge in
query formulation: users cannot craft meaningful queries until they
understand what the data contains, yet they cannot understand the
data without querying it. For structured data, this chicken-and-egg
problem is manageable with a quick exploratory data analysis (EDA)
step or skimming [107] through some fragments of the data.

For multimodal data such as video, this bootstrapping is prohibi-
tively expensive. Skimming a video archive is very different from
skimming a table – watching even 1% of a 10,000-hour video corpus
would take several days, and file-level metadata (timestamps, codec,
resolution) offer little semantic guidance. Humans become their
own bottleneck when consuming such data, exacerbating the query
formulation problem.

Here, recent multimodal LLMs and vision-language models
(VLMs) enable a crucial unlock: they can “peek inside” multimodal
content and produce high-quality, zero-shot semantic descriptions.
Rather than expecting users to arrive with well-formed queries,
we can now help users discover what they can ask, guiding [108]



them through candidate query concepts using familiar interac-
tion patterns such as autocompletion [109, 110]. Guidance can
be built into complex querying as well, e.g., ZELDA [111] uses
VLMs to extract event semantics from surveillance footage, en-
abling queries like “show me unusual pedestrian behavior”, and
SketchQL [112] allows users to sketch what they’re looking for, and
VLMs match it against frames. Query synthesis approaches [113]
infer compositional video-event queries from limited user interac-
tions, reducing the need for expertise in declarative query languages.
These systems shift the interaction model from query–then–explore
to explore–with–guidance, where the system continuously sug-
gests what is discoverable as users navigate. However, making
VLM-driven guidance practical for interactive visual analytics ex-
poses challenges across database systems, HCI, and visualization.

Trust and Feedback. These unlocks enabled by multimodal
LLMs and VLMs come hand-in-hand with hallucination and
non-determinism challenges [114]. Guidance provided to the user
is inherently brittle and may erode trust when below a quality
threshold. For instance, a VLM might confidently tag a video frame
as containing “bicycles” when the image actually shows motor-
cycles, potentially misleading the user’s data exploration. Unlike
text where users can quickly read an answer to verify correctness,
validating multimodal suggestions is expensive; users cannot watch
every suggested clip. Systems must provide fast verification mech-
anisms to ameliorate such issues, e.g., thumbnails or “highlights
reels” [115] rather than requiring full video playback, or risk users
abandoning guidance due to high verification costs that rival man-
ual exploration. Beyond verification, maintaining provenance and
feedback mechanisms throughout the stack allows users to point
out incorrect suggestions for retraining. Alternatively, the system
itself can monitor its suggestions, and self-reflect on possible mis-
takes as a self-improvement step. These concepts are aligned with
the interaction, lineage, and feedback components discussed in
prior sections.

Next-Generation Interfaces Amplify the Need for Guidance.
As interfaces move toward augmented and virtual reality (AR/VR)
and “in-the-world” querying [116, 117], guidance becomes even
more critical. Users wearing AR headsets in warehouses or medi-
cal settings cannot type complex queries; they need systems that
understand gestural or spoken intent and immediately suggest
what’s discoverable. Consider a warehouse worker asking “show
me damaged pallets” while looking at inventory. The system must
process live video, recognize relevant objects, and suggest sub-
clauses (“damaged on left side?” “within last week?”) in real-time,
guiding the user to the right questions to ask. Camera-first interac-
tion paradigms [118] and gestural query specification [119] require
query abstractions that accept multimodal inputs (sketches, ges-
tures, exemplar images, natural language) and provide real-time
feedback (e.g., via AQP [120]) on what’s queryable, or risk disori-
entation within such highly interactive interfaces. In settings such
as augmented reality, guidance also comes with hard latency and
performance requirements since the user is interacting within the
real-world and mistakes can be safety-critical.

� Main Takeaway [Section 5]

� Multimodal data such as video collections present a query for-
mulation barrier: users cannot query what they don’t know
exists, yet they cannot discover what’s queryable without pro-
hibitively expensive manual inspection.

� VLMs unlock this dependency, enabling guidance-driven ex-
ploration by proposing zero-shot query suggestions and
autocompletion-style querying based on semantic understand-
ing of content. This shifts interaction from query-then-explore
to explore–with–guidance.

� Making guidance practical requires addressing trust while
designing for next-generation interfaces (AR/VR, gesture,
camera-first) where guidance becomes critical, and representing
suggestions as succinct visual cues rather than verbose text to
support rapid exploration.

Representing Guidance. Making guidance effective for multi-
modal exploration requires addressing how to shape VLM outputs
for human consumption under tight interaction budgets. The chal-
lenge is not just inference speed, but usability: textual descrip-
tions of visual content are verbose and cognitively difficult to skim
quickly. A VLM might return “a person wearing a red jacket riding
a bicycle on a paved path near trees during daytime” for a single
frame. While this information is accurate, it is difficult for a hu-
man to process when scanning hundreds of suggestions. Effective
guidance needs succinct, readable visual cues, possibly in the form
of icons, thumbnails, or even emoji-like glyphs [109] that let users
quickly assess what a suggestion means and whether it matches
their intent. This also raises fundamental questions about guidance
granularity: Should systems propose coarse concepts (e.g., “sports,” )
that characterize the overall content of the data, but risk being too
repetitive across queries, or fine-grained evidence (a specific thumb-
nail showing a bicycle at timestamp 1:23) that points to concrete
queries? What level of specificity best helps users formulate their
first query without overwhelming them with detail?

Addressing these challenges requires cross-disciplinary collab-
oration, bridging concepts in query optimization, representation
design, mixed-initiative interaction, and progressive visualization
to build systems that reliably guide users through the query formu-
lation barrier in multimodal analytics.

ù Connections to Other Sections. At the systems level, the
real-time guidance requirements described here are in line with the
performance, co-design principles and new exploration paradigm
(e.g., cold-started exploration) outlined in Sections 2, 3 and 4. The
guidance-driven interaction model discussed is closely related to
mixed-initiative analysis systems described in Section 3, as well as to
query reformulation and exploration techniques in Section 6. Addition-
ally, the need for compact, cognitively efficient visual cues resonates
with the adaptive visualization strategies discussed in Section 4 and
relates to the discussion in Section 7 on aesthetic principles and the
generation of narrative-rich visual representations to guide user at-
tention. Finally, the broader need for human oversight discussed in
Section 6.



6 Interactive Data Exploration
Interactive data exploration plays a pivotal role in discovery-driven
applications, where the process of data discovery is ad hoc and
highly interactive. In these applications, userswritemultiple queries
with varying criteria, aiming to strike a balance between gathering
all relevant information and avoiding an overwhelming volume of
data. The data management community has closely investigated
the need to help users reformulate their queries during data explo-
ration so that the retrieved sets are not too large (many answer prob-
lems) [121], not too small (empty answer problem) [122]; or are not
off-target and diverse (ensuring relevance and diversity) [123, 124].

When data is structured, existing work has leveraged metadata
or attributes to understand the user’s intent and seek their pref-
erences accordingly. Algorithms were designed to navigate users
to serendipitous, relevant, diverse representatives of data or to
help user find the entity of interest while minimizing effort, e.g.,
minimize #clicks users provided. These algorithms aided users to
reformulate their original queries so that users could interactively
explore related data before landing on a small sample of their final
interests.

AI has led to an unprecedented explosion in the volume and com-
plexity of unstructured. With the rise of unstructured data, ranging
from text and images to video and audio, the need for interactive
ad hoc data exploration has never been greater. Users frequently
engage in query reformulation and seek relevant, diverse [125], and
sometimes serendipitous information. However, the lack of struc-
tured metadata, which traditionally guided exploration, presents a
significant challenge. As AI continues to reshape the landscape of
data exploration, the following question therefore arises: “Can we
still rely on traditional data exploration tools to navigate and uncover
insights from the increasingly complex data?”.

The classical data exploration techniques can still make a head-
way in this new landscape, provided there is a seamless integration
between the structured and unstructured data worlds. Identifying
structures from unstructured data requires a combination of ad-
vanced techniques in NLP, machine learning, image and speech
recognition, and data integration [126]. LLMs are particularly use-
ful, too, as they excel at understanding context, extracting meaning,
and processing data of different modalities including audio and
video. Although LLMs have demonstrated impressive capabilities in
processing unstructured data, several key research challenges still pre-
vail. Non-determinism of LLMs is one such key challenge refers to
the inherent unpredictability or variability in the output generated
by these models, even when the same input is provided multiple
times. This introduces a level of unpredictability, requiring the data
exploration algorithms to be reconsidered through a probabilistic
lens [127]. Other challenges include the high cost of invoking these
models [128], their potential biases [129], limited contextual un-
derstanding, inability to adapt to highly specialized domains, and
significant computational resource demands. To overcome these
challenges, it is crucial to complement LLM–driven processes with
expert human oversight, careful data curation, and transparency in
model training and usage. Overall, this is an exciting time for data
researchers to collaborate, bringing together expertise across fields
to create more nuanced and adaptable solutions for the evolving
challenges of data exploration.

ù Connections to Other Sections. The exploration challenges
described here instantiate many of the issues raised earlier, particularly
multimodal guidance and query formulation barriers from Section 5.
Effective exploration further depends on the low-latency interaction
and scalable infrastructures discussed in Sections 2, 3 and 4.

� Main Takeaway [Section 6]

� The rise of large-scale unstructured and multimodal data chal-
lenges traditional exploration methods mainly due to the lack
of metadata, increasing the need for interactive, ad-hoc explo-
ration and continuous query reformulation.

� LLMs are powerful tools for extracting structure from un-
structured data; however, they introduce uncertainty due to
non-determinism, biases, cost, and limited domain adaptation
and contextual understanding, all of which must be addressed.

� Addressing LLMs drawbacks requires combining LLM–driven
processes with expert human oversight, careful data curation,
and transparent model training and usage.

7 Aesthetic Principles and User Guidance in
Generative Data Visualization

Information visualization enables the graphical representation of
data and information that helps users find patterns, trends, and
relationships within the data, and to communicate complex data
sets clearly and effectively. In the field of network visualization,
traditionally [130–132], visualization of undirected graphs relies
on heuristics, especially those based on modeling graphs as phys-
ical systems, with the belief that minimizing the energy of such
systems leads to aesthetically pleasing layouts that help illustrate
the underlying unstructured data. However, it has not been proven
that human aesthetic preference can be well modeled by such phys-
ical systems. With the advent of DL, there is a growing interest in
taking advantage of the power of neural networks to help visualize
network data, e.g., [133, 134]. In particular, it is now possible to use
DL to expand the horizon of traditional graph visualization in a
number of directions.

It was demonstrated that a Graph Neural Network (GNN) model
can be used to optimize arbitrary differentiable objective functions.
Once trained, such a model can be applied to arbitrary graphs never
seen in the training data and create visualizations that optimize
the objective function even better than traditional benchmark al-
gorithms [133, 135–137]. Recently, it was shown that by using the
Generative Adversarial Network (GAN), we can even train neural
networks to optimize non-smooth objective functions [138]. In fact,
this approach does not require access to the objective function at all
and only requires a comparative function that can choose between
two visualizations the “better” one (based on a hidden objective
function unknown to GAN).

This opens avenues for future investigation: instead of optimizing
arbitrary objectives such as edge crossing or stress, we should be able to
model the human sense of aesthetics directly. For example, if reducing
edge crossing is most important for humans, Tiezzi et al. [136]



demonstrated that a fully connected network can classify whether
two edges cross; on the other hand, Wang et al. [138] have shown
that the discriminator in a GAN setup can be trained to choose
drawings with a lower number of edge crossings, learning from
pairs of bad and good drawing examples. The next step is to train a
model on a collection of human-labeled example visualizations to
learn human visual preference. We believe such a system is possible,
but the challenges include scaling GNN, GAN, or other DL-based
models to very large unstructured data. Some progress in scalability
has already been made [139–141]. More work is needed to collect
large amounts of training data, make network visualization adapt
to human preferences, incorporate human-specified constraints,
and run even faster than traditional network layout algorithms.

A remaining bottleneck is the availability of large-scale,
high-quality human preference data. While learning aesthetics
directly from human judgments is conceptually appealing,
collecting such labels is expensive and slow, which has so
far limited empirical studies to relatively small datasets or to
machine-generated proxy labels [138]. This raises a fundamental
question: can we approximate human aesthetic judgment at
scale without relying exclusively on human annotators? Recent
advances in large language models (LLMs), vision-language models,
and vision foundation models suggest a promising alternative,
as these models have demonstrated strong capabilities in visual
understanding and comparative reasoning. If properly aligned with
human preferences, they could serve as scalable proxies for human
labelers and substantially reduce the cost of data collection.

Beyond aesthetics and human preference alone, an equally com-
pelling possibility is to use AI to learn which visualizations actually
help people understand the data and perform visual tasksmore effec-
tively. Rather than asking only which layout looks better, AI models
could be trained to predict which visualizations enable humans to
perform such visual analytic tasks (e.g., finding shortest paths or
nearest neighbors) more accurately and efficiently. By incorporating
task performance signals (e.g., correctness, response time) alongside
preference judgments, AI-based discriminators could learn a richer
notion of visualization quality that couples perceptual clarity with
cognitive effectiveness, allowing future systems to automatically
generate visualizations that adapt to both the user’s goals and their
perceptual strengths.

Another future direction involves not just producing the visual-
ization itself but also crafting a narrative, or even combining it with
animations/videos that elucidate the patterns depicted within the
visualization, thus directing the user’s attention to the most crucial
aspects of generated visualization.

Accomplishing this task will necessitate leveraging multimodal
LLMs and VLMs trained extensively on a diverse corpus consisting of
source data (e.g., CSV files, unstructured data), their visualizations,
and their corresponding captions extracted from past visualization
and other scientific literature. If we can solve the above challenges,
we can then apply such a model to any data to be analyzed, and
automatically generate sample visualizations, animations, and nar-
ratives that are not only aesthetically pleasing to look at, but also
informative, with a well-told story about the visualization.

ù Connections to Other Sections. Generative and learning-based
visualization techniques build directly on the human–centered de-
sign principles emphasized in Sections 2 and 5. Their scalability
limitations mirror the broader visualization scalability concerns dis-
cussed in Section 4. Finally, the focus on narrative, animation, and
attention-guiding aesthetics complements the guidance-driven inter-
action and exploratory workflows discussed in Sections 5 and 6.

� Main Takeaway [Section 7]

� Deep learning techniques can significantly advance graph visu-
alization by optimizing layouts and learning human aesthetic
preferences beyond traditional metrics such as edge crossings.

� Training aesthetic deep learning models introduces major scala-
bility challenges, when large-scale training datasets are involved.
Additionally, collecting sufficient human preference data re-
mains a significant challenge.

� Visualization systems should generate not only layouts but also
narratives and animations that highlight crucial data patterns
and guide user attention. Achieving this requires multimodal
models trained on datasets that include both visualizations and
explanatory context, such as captions.

8 Discussion & Lessons Learned
A central takeaway of this paper is that AI–driven ecosystems
represent a fundamental inflection point in the design of interac-
tive human–centered data systems. Moving forward, interactive
systems can no longer be built by independently optimizing data
management, AI, and interaction; instead, they require rethinking
efficiency and scalability, redefining human–machine collaboration,
and embedding cognitive and design principles into every layer of
the human–data interaction stack.

In this emerging paradigm, performance, human reasoning, and
machine intelligence must be treated as highly interconnected con-
cepts that evolve and adapt together. As AI increasingly mediates
how data is explored, interpreted, and validated, systems must sup-
port continuous human involvement through interaction, feedback,
and verification. This shift places new demands on interfaces, visu-
alization, and system architectures, and challenges long-standing
assumptions about how interactive human–centered systems are
built and evaluated. Among these components, visualization plays a
critical role by evolving from a passive presentationmechanism into
an active, adaptive element that supports exploration, sensemaking,
and trust in AI–assisted analysis.

The following paragraphs explore the lessons learned in the
context of systemic integration, performance and scalability, data
exploration and interaction paradigms, next-generation interfaces, AI
oversight, generative visualization, and cross-disciplinary collabora-
tion.

New Fundamental, Tightly Coupled Requirements for
Human–Data Interaction Systems. Throughout the paper,
several fundamental requirements are identified for the design of



effective human–data interaction systems. In particular, modern
systems must simultaneously align real-time, cognition-aware
performance with scalability under interactive workloads, provide
robust support for large-scale, heterogeneous, multimodal, and
predominantly unstructured data, and enable emerging exploration
scenarios and interaction paradigms that are guidance-driven
and mixed-initiative. In addition, systems must incorporate
sophisticated visual analysis that support sensemaking, verifica-
tion, and explanation, while offering continuous user guidance,
progressive feedback, and mechanisms for producing transparent
and trustworthy results in the presence of AI uncertainty.

Holistic, End–to–End System Design is Essential. The paper
makes it clear that isolated improvements, whether in query en-
gines, interfaces, visualization, or AI models, are not enough. The
demands of the emerging AI landscape require co-design across
storage structures, indexing methods, interface models, query pro-
cessing techniques, perceptual workflows, and AI–assisted reason-
ing. These point toward holistic, end–to–end system architectures,
where interfaces shape system requirements just as much as systems
shape interface capabilities.

D Synthesis Across Sections. This dependency is highlighted
throughout the paper, from interface-driven workloads in Section 2 to
millisecond-level interaction constraints (Sec. 3), cold-start visualiza-
tion (Sec. 4), and real-time multimodal guidance (Sec. 5).

Latency and Scalability are Cross-cutting Constraints on
Human–Data Interactive Systems. Achieving perceptually
aligned response times and scalability remains a fundamental tech-
nical and design challenge. Multimodal data, massive and hetero-
geneous datasets, high-velocity streams, next-generation interface
requirements, and AI models introduce critical data-oriented chal-
lenges that must be addressed to enable the development of efficient
and scalable human-centered interactive systems. In this context,
the involved communities face multiple challenges, requiring a re-
consideration of core problems and the handling of numerous new
ones.

D Synthesis Across Sections. The importance of latency and scala-
bility is highlighted across multiple sections. Sections 3 and 4 show
that latency and scalability function as cognitive constraints as well
as technical ones, with effects that propagate to multimodal analytics
(Sec. 5), new-generation interfaces (Sec. 5), interactive exploration over
unstructured data (Sec. 6), and training models in large-scale datasets
(Sec. 7).

Emerging Interaction and Exploration Paradigms Drive Sys-
tems Development. Multimodal and unstructured data funda-
mentally reshape how users interact with data, exposing the limi-
tations of traditional query–then–explore workflows.When data
is opaque, large-scale, or costly to inspect, users struggle to articu-
late precise queries, prompting a shift toward guidance-driven and
mixed-initiative interaction. Furthermore, the importance of reduc-
ing data-to-analysis time reinforces the development of cold-start
exploration systems (a.k.a. in-situ exploration), enabling on-the-fly
exploration over unseen datasets. Enabling such interaction and

exploration paradigms places new demands on data management
systems, which must support multimodal data as first-class citizens,
provide fast semantic access, and deliver progressive, low-latency
feedback. At the same time, guidance introduces challenges around
trust, verification effort, and cognitive load, underscoring the need for
carefully designed interfaces and systems that preserve meaningful
human oversight throughout the exploration process.

D Synthesis Across Sections. The necessity of guidance-driven,
mixed-initiative interaction when data cannot be easily inspected is
discussed in Sections 5 and 6, but these interaction paradigms intro-
duce new challenges in data management, trust, verification effort, and
cognitive load. Finally, Section 4 highlights the importance of enabling
on-the-fly exploration over unseen datasets.

Next-Generation Interfaces are Crucial for Unlocking New
Capabilities. Interfaces must move beyond traditional text and
graphical paradigms toward multimodal, action-oriented environ-
ments that integrate natural language, rich visual capabilities, ges-
tures, and augmented or virtual reality. These newmodalities support
more intuitive and immersive human–data engagement, but they also
introduce new challenges related to latency, cognitive load, interac-
tion paradigms, real-time guidance, adaptive feedback, and interface
design. The aforementioned challenges further highlight the strong
dependencies between backend systems and frontend design, as
well as the necessity for new exploration paradigms discussed ear-
lier.

D Synthesis Across Sections. The shift to next-generation inter-
faces is grounded in the co-design principles of Section 2 and the
perceptually aligned interaction requirements of Section 3, and are
further developed in the contexts of multimodal and unstructured data
exploration, as well as AR/VR querying in Sections 5 and 6.

AI Reinforces the Necessity of Human–in–the–Loop Over-
sight and Transparency. Foundation models, such as LLMs and
VLMs offer powerful capabilities for guidance-driven exploration,
data and semantic understanding, zero-shot multimodal analysis.
They also assist with data-oriented tasks, such as data integration
and discovery, while improving interface usability. However, their
brittleness, prompt sensitivity, and risk of hallucination underscore
the need for human involvement and supervision to ensure results
that are trustworthy, meaningful, and actionable. This positions AI
models not as autonomous problem solvers but as components
within interactive systems that enhance usability and support ex-
planation, correction, and accountability. These challengesmotivate
explainable and transparent AI mechanisms that support verifica-
tion, interpretation, and trust.

D Synthesis Across Sections. The need for human involvement is
discussed across Sections 5 and 6, motivating interactive feedback,
provenance, and verification mechanisms that keep humans meaning-
fully in control.

From Static to Generative and Adaptive Visualization. Visu-
alization has evolved from a passive, static output into an active,



generative component of analytical systems. By incorporating pro-
gressive, narrative, and aesthetics-aware approaches, visualizations
guide user attention, enhance interpretability, and foster trust in
AI–driven, multimodal analytics. Deep learning–based aesthetic
modeling, narrative construction, and automated visualization gen-
eration create new opportunities for expressiveness. At the same
time, these methods rely heavily on training data quality, avail-
ability of human preferences, and scalable layout models. The
broader lesson is that visualization must be explanatory, interpretable,
human-guided, and integrated into interactive analytic workflows
rather than optimized solely for visual appeal.

D Synthesis Across Sections. Visualization evolution is discussed
in Section 7, framing it as a generative and adaptive component, and
is reflected in guidance-driven multimodal analytics (Sec. 5) and in-
teractive exploration over unstructured data (Sec. 6), where visual
representations support explanation, sensemaking, and trust.

The Necessity of Sustained Cross-Disciplinary Collabora-
tion. The challenges discussed throughout the paper span system
architecture and performance, data management, AI modeling, vi-
sualization, interaction design, and human cognition, and cannot
be addressed in isolation. Progress therefore critically depends on
long-term coordination among the systems, databases, AI, informa-
tion visualization, HCI, computer graphics, and cognitive science
communities, rather than on isolated advances within individual
fields.
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