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What do penicillin and X-rays have in common?



These discoveries emerged from unexpected observations.









Source: NASA/WMAP Science Team



Seeing the pattern

Source: John Snow cholera map, London, 1854.
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
Discovery & Reasoning
Visualization supports the fluid movement between 
finding insights and logical reasoning.


Emergent Meaning
Meaning emerges through the interaction between 
perception, interpretation, and context.


Pattern Recognition
External representations help interpret anomalies, infer 
patterns, and refine understanding.


Creative Discovery
Embracing ambiguity and multiple interpretations can 
enable powerful creative discovery.

Visualization as an epistemological tool



People are constantly seeking meaning

● Things that make sense

● Things they care about 

● Statistical graphics is abstract

Source: Brain mass in proportion to body mass. The Dragons of Eden, Carl Sagan. 



How can we use meaning?

● Generate meaningful defaults

● Provide relevance

● Reflect real-world associations 

● Align representation with human 
sensemaking

Source: Brain mass in proportion to body mass. Beautiful Evidence, Edward Tufte. 



Constructing knowledge through representation

Observation → Representation → Interpretation → Insight → Knowledge


Interpretation is Key
Discovery emerges through 
interpretation, not observation 
alone.


Visual Transformation
Visualization transforms abstract 
observations into interpretable 
structures.


Sensemaking
Insight emerges through iterative 
exploration and reframing.

Sensemaking Theory (Pirolli & Card, 2005) | Distributed Cognition (Hutchins, 1995)



How do we actually interpret and communicate meaning?



Meaning emerges through representation

World

Reality is rich and 
complex

Interpretation

• Context
• Experience
• Inference

We make sense 
through meaning

Understanding

Insight and 
knowledge emerge

Representation

We externalize and 
structure

Perception

We sense and filter



How humans construct meaning
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How humans construct meaning

Cognitive Semantics

Meaning is grounded in human 
experience, context, and 
interpretation.

Distributed Cognition

Reasoning is distributed across 
people, tools, and 
representations.

Sensemaking

Understanding emerges through 
iterative exploration and 
reframing.

Lakoff & Johnson (1980) • Hutchins (1995) • Pirolli & Card (2005)
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We think through categories and metaphors

Prototype Theory

Bird
robin ✔
sparrow ✔
penguin ~
ostrich ~

Fuzzy Semantics
small large


context dependent

• earthquake magnitude
• city size
• revenue

Human concepts often have fuzzy boundaries rather than precise edges.

Rosch (1978) • Lakoff & Johnson (1980)



Language is imperfect

recentnearlarge



Language is imperfect

how large? how near? when?

recentnearlarge

Kennedy. Vagueness and Grammar: The Semantics of Relative and Absolute 
Gradable Adjectives. Linguistics and Philosophy, 2007.



Human conversation is messy



Grice’s Co-operative Principle

"Make your contribution such as it is required, at the stage at which it occurs, by 
the accepted purpose or direction of the talk exchange in which you are engaged"

Grice. Logic and Conversation, Syntax and Semantics, 1975
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Grice’s Co-operative Principle

"Make your contribution such as it is required, at the stage at which it occurs, by 
the accepted purpose or direction of the talk exchange in which you are engaged"

This translates into four core maxims:


Quantity

Be as informative as 
required, but no more.


Quality

Say only what you 
believe to be true and 

evidenced.


Relation
Ensure your 

contribution is relevant 
to the topic.


Manner

Be clear, brief, and 
orderly; avoid 

ambiguity.

Grice. Logic and Conversation, Syntax and Semantics, 1975



Fuzziness is a feature

“Find large earthquakes near California”



“Find large earthquakes near California”
“How about near Texas?”

Meaning persists across conversation

Setlur et al. Eviza: A Natural Language Interface for Visual Analysis, UIST 2016.



Meaning emerges from sequence

A C T G A C T G A C T G

Gene



Meaning emerges from sequence

A

“Show sales in 2015”

C T G A C T G A C T G

Gene

“How about the previous year?”
“What about California?”



Centering Theory

Coherence between utterances in a conversation

Centering: A Framework for Modeling the Local Coherence of Discourse, Grosz et al. Computational Linguistics. 1995
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Centering Theory

Coherence between utterances in a conversation

The centers of an utterance are discourse entities serving to link the 
utterance to other utterances through

Coherence is inferred through transitional states of continue, retain and shift.

• Forward looking centers 

• Backward looking centers 

Centering: A Framework for Modeling the Local Coherence of Discourse, Grosz et al. Computational Linguistics. 1995



Eliipses: Humans rarely say everything
“houses less than 1M in Ballard” {houses, 1M, 

Ballard}
SHIFT {houses}->{townhomes}, 
RETAIN {1M, Ballard}

“townhomes”



Anaphora: Meaning through reference

“prices in 2015” “previous year”{2015} SHIFT {DATECALC(2015, -1) →2014}





DataTone: Managing Ambiguity in Natural Language Interfaces 
for Data Visualization. Gao,T. et al. UIST 2015. 

ThoughtSpotPowerBI

BOLT: A Natural Language Interface for Dashboard Authoring. Srinivasan and Setlur, 
EuroVis 2023.

How do you Converse with an Analytical Chatbot? Revisiting Gricean 
Maxims for Designing Analytical Conversational Behavior. Setlur and Tory. 
CHI 2022.

Snowy: Recommending Utterances for Conversational Visual 
Analysis. Srinivasan and Setlur. UIST 2021. 

Conversational interfaces for imperfect language



Tools are becoming more intelligent
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https://voicebot.ai/large-language-models-history-timeline/

● Large language models are 
getting larger

● Evolving new capabilities

● Generative models have 
disrupted the way we think 
about AI and its applications
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https://voicebot.ai/large-language-models-history-timeline/



What if the problem isn’t that systems aren’t smart enough…
but that they’re becoming too good at giving answers?
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● Sycophancy
● Excessive confidence
● Agrees even when 

wrong



Revisiting Grice’s Maxims…
When cooperative communication becomes over-optimization


Quality

Say only what you believe to 
be true and evidenced.


Quantity

Be as informative as 
required, but no more.


Manner

Be clear, brief, and orderly; 
avoid ambiguity.


Relation

Ensure your contribution is 
relevant to the topic.

Premature narrowing:
Optimizes toward immediate 
intent instead of surfacing 
anomalies



Revisiting Grice’s Maxims…


Quantity

Be as informative as 
required, but no more.

When cooperative communication becomes over-optimization


Quality

Say only what you believe to 
be true and evidenced.


Relation

Ensure your contribution is 
relevant to the topic.


Manner

Be clear, brief, and orderly; 
avoid ambiguity.

Oversimplification:
● Eliminates useful 

ambiguity
● Narrows the space of 

possible interpretations

Recent studies found users intentionally use vague prompts for data sensemaking: Steering Semantic Data Processing 
With DocWrangler. Shankar et al., UIST 2025.



Humans are inquisitive.



Humans are innately creative.



Humans are collaborative.



Data analysis is messy.



Supporting the cycle of analysis
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Spectrum of human-AI collaboration

Automation
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Spectrum of human-AI collaboration

Augmentation

Human Judgment

Automation
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Augmentation

  data taking action

connect
clean integrate

transform
analyze

calculate author

share

tell stories
collaborate

recommend

monitor
adapt



Human Judgment



From exploratory instruments to delegated reasoning

Exploratory Visual Instruments
Helping people see and explore
External cognition, visual exploration, human 
interpretation

Analytical Partner
Collaborating in sensemaking
Systems participate in recommendations, narrative 
construction, semantic guidance

Semantic Interpreter
Helping people express intent
Systems interpret language, semantics, and 
conversational context

Agentic Analyst
Delegating analytical reasoning
Systems orchestrate workflows, generate 
analyses, and autonomously act
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Polaris: A System for Query, Analysis, and Visualization of 
Multidimensional Relational Databases. Stolte, Tang, and 
Hanrahan, TVCG 2002.
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From exploratory instruments to delegated reasoning

Semantic Interpreter
Helping people express intent
Systems interpret language, semantics, and 
conversational context

Sy
st

em
 A

ge
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y

Suggest

Act

Human Interpretation System Interpretation

Olio: A Semantic Search Interface for Data Repositories. 
Setlur, Kanyuka, and Srinivasan, UIST 2023.
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Analytical Partner
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From exploratory instruments to delegated reasoning

Analytical Partner
Collaborating in sensemaking
Systems participate in recommendations, narrative 
construction, semantic guidance

Sy
st
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y

Suggest

Act

Human Interpretation System Interpretation

Plume: Scaffolding Text Composition in Dashboards. 
Lisnic, Setlur, and Sultanum, CHI 2025.
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From exploratory instruments to delegated reasoning

Agentic Analyst
Delegating analytical reasoning
Systems orchestrate workflows, generate 
analyses, and autonomously act

Sy
st

em
 A

ge
nc

y

Suggest

Act

Human Interpretation System Interpretation

Jupybara: Operationalizing a Design Space for 
Actionable Data Analysis and Storytelling with LLMs. 
Wang, Birnbaum, and Setlur, CHI 2025.





“Should we be designing systems that answer 
questions… or help us ask better ones?”

Resolution Exploration



“How far should we go in making things effortless… 
before we take away the joy of insight?”

Optimization Discovery



“As systems take action… where do we draw the line 
between expression and delegation?”

Expression Delegation



Preserving human discovery

As analytical systems become more capable, what forms of 
imperfection should remain open to human interpretation?

Thanks
Tableau Research, collaborators, and EuroVis organizers

Thanks
Tableau Research, collaborators, and EuroVis organizers


