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What do penicillin and X-rays have in common?




These discoveries emerged from unexpected observations.
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Seeing the pattern

Source: John Snow cholera map, London, 1854.



Seeing the pattern

Source: John Snow cholera map, London, 1854.



Visualization as an epistemological tool

o

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.

A
Pattern Recognition

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

/

)

Creative Discovery

Embracing ambiguity and multiple interpretations can
enable powerful creative discovery.



People are constantly seeking meaning
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Body mass in kilograms

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



How can we use meaning?

e Generate meaningful defaults
e Provide relevance
e Reflect real-world associations

e Align representation with human
sensemaking

10
BODY MASS kilograms

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



Constructing knowledge through representation

Observation — Representation — Interpretation — Insight — Knowledge

+ .+
@ A W
Interpretation is Key Visual Transformation Sensemaking
Discovery emerges through Visualization transforms abstract Insight emerges through iterative
interpretation, not observation observations into interpretable exploration and reframing.
alone. structures.

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



How do we actually inferpret and communicate meaning?




Meaning emerges through representation

Reality is rich and
complex

Perception
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We sense and filter

Representation

il

We externalize and
structure

Interpretation

o Context
o Experience
e Inference

We make sense
through meaning

Understanding
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Insight and
knowledge emerge



How humans construct meaning



How humans construct meaning

Cognitive Semantics

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



How humans construct meaning

Cognitive Semantics Distributed Cognition
Meaning is grounded in human Reasoning is distributed across
experience, context, and people, tools, and

interpretation. representations.



How humans construct meaning

Cognitive Semantics Distributed Cognition
Meaning is grounded in human Reasoning is distributed across
experience, context, and people, tools, and
interpretation. representations.

Sensemaking

Understanding emerges through
iterative exploration and
reframing.

Lakoff & Johnson (1980) e Hutchins (1995) e Pirolli & Card (2005)



We think through categories and metaphors

Prototype Theory
Bird

robin v
sparrow ¢



We think through categories and metaphors

Prototype Theory Fuzzy Semantics
Bird small large
robin v/ T

context dependent
sparrow v/

» earthquake magnitude
e City size
e revenue



We think through categories and metaphors

Prototype Theory Fuzzy Semantics
Bird small large
robin v/ T
context dependent

sparrow v/

» earthquake magnitude

e City size

e revenue

Human concepts often have fuzzy boundaries rather than precise edges.

Rosch (1978) e Lakoff & Johnson (1980)



Language is imperfect

large near recent



Language is imperfect

large near recent

how large? how near? when?

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






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



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.

Grice. Logic and Conversation, Syntax and Semantics, 1975



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:

1 &%

Quantity Quality

Say only what you
believe to be true and
evidenced.

Be as informative as
required, but no more.

Grice. Logic and Conversation, Syntax and Semantics, 1975



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:

, v )

Quantity Quality Relation
Be as informative as Sfay only what you _Ensyre 'your
5 believe to be true and contribution is relevant
required, but no more. . .
evidenced. to the topic.

Grice. Logic and Conversation, Syntax and Semantics, 1975



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:

1 &%

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.

Grice. Logic and Conversation, Syntax and Semantics, 1975



Fuzziness is a feature

“Find large earthquakes near California”

find magnitude of at least
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Meaning persists across conversation

“Find large earthquakes near California”
“How about near Texas?”
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Setlur et al. Eviza: A Natural Language Interface for Visual Analysis, UIST 2016.



Meaning emerges from sequence

ACTGACTGACTG

Gene



Meaning emerges from sequence

ACTGACTGACTG

Gene

“Show sales in 2015”
“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



Centering Theory

Coherence between utterances in a conversation

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

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



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

e Forward looking centers

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



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

e Forward looking centers

e Backward looking centers

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



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

e Forward looking centers

e Backward looking centers

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

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,  “townhomes” ™  SHIFT {houses}->{townhomes},
Ballard} RETAIN {1M, Ballard}
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Anaphora: Meaning through reference

“prices in 2015”14
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8 San Francisco Airbnb
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Conversational interfaces for imperfect languag

@ Participant 3
Show me total sales by product by regions What percentage of people who survived the Titanic were female? @
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Snowy: Recommending Utterances for Conversational Visual

How do you Converse with an Analytical Chatbot? Revisiting Gricean
Analysis. Srinivasan and Setlur. UIST 2021.

Maxims for Designing Analytical Conversational Behavior. Setlur and Tory.
CHI 2022.
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Tools are becoming more intelligent
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Tools are becoming more intelligent

GO gle google translate S Q

Q Al [ Books & News [=] Images i More Settings  Tools

About 787,000,000 results (0.46 seconds)

English - detected « Psd ltalian «

I am using Google X Sto utilizzando Google
Translate. Translate.

L DI 0 D

Open in Google Translate Feedback




Tools are becoming more intelligent

GO gle google translate S Q

Q All [] Books [[E News (=] Images : More Settings  Tools

About 787,000,000 results (0.46 seconds)
Ta T d ltalian +

co Tuesday
0 utilizzando Google
anslate.

rﬂ Jacqueline Bruzek x

Taco Tuesday
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Tools are becoming more intelligent

GO g |€ google translate 4§ Q

Q All [] Books [[E News (=] Images : More Settings  Tools

About 787,000,000 results (0.46 seconds)

Italian «

0 utilizzando Google
anslate.

© 0

Feedback

1 a while and | hope you're ¢
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Tools are becoming more intelligent
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2021

Google T5-xx|

January: Google g——g

trains T5-xx! with over 1.6
illion parameters.

Google Transformer-X

OpenAl DALL-E

January: OpenAl releases DALLE a

L 12:billion parameter version of GPT-3
trained to generate images from text
descriptions.

e | ()

next-generation language model
Transformer-X 7.5x faster than base T5.

Facebook XLM-R
April: The XLM-R language

EleutherAl GPT-Neo
@@ March: EleutherAl releases its first
open-source GPT-Neo LLMs.

model, introduced by

Facebook Al, is released.

Github Copilot

June: GitHub announces Copilo!, @@

an Al pair-programmer for coding.

A121 Labs Releases Jurassic-1

August: AI21 Labs releases Jurassic-1 large
language model in two sizes as well as the
AI21 Studio developer platform for creating
generative Al tools and apps.

Google LaMDA

May: Google introduces
Language Model for
Dialogue Applications

(LaMDA) neural
language models. .
OpenAl Codex
July: OpenAl
@———@ launches Codex, which
translates natural
language into code.
OpenAl Releases WebGPT ‘
December: OpenAl releases WebGPT, a

@———————————@iine-tuned GPT-3 model for web browsers
that can answer open-ended questions with
citations and links to sources.

2022

OpenAl Introduces InstructGPT
January: InstructGPT OpenAl introduces

InstructGPT model as new default model, @——e

one better at following instructions and
less likely to hallucinate wrong answers.

Hugging Face BLOOM
July: Machine learning developer Hugging Face
taunches BigScience Large Open-science
Open-access Multilingual (BLOOM) Language
Model trained on open-source databases.

Google Wordcraft

November: Google Wordcraft text @@

generating tool launches.

Google PalM

p @ /il Google introduce
Pathways Language

Model (PaLM)

Google DeepMind
@&— g October GoogleDeepMind

Sparrow dialogue agent
introduced

OpenAl Chat GPT
November 30: OpenAl debuts
generative Al chatbot ChatGPT to
explosive interest.

2023

Microsoft Invests in OpenAl
January: Microsoft

invests a rumored $10
billion more into OpenAl.

Google BARD

February. Google §

announces BARD, a
ChatGPT rival,

Meta Introduces LLaMA
February: Meta LLaMA (Large Language Model Meta
Al) a competitive multiple sized model LLaMA 658
and LLaMA 338 on 1.4 trillion tokens. Our smallest
model, LLaMA 78, is trained on one trillion tokens.

OpenAl APIs

ChatGPT and Whisper models
directly into their apps

March: OpenAl introduces API's ,
Developers can now integrate gm————————&— ’

Baidu Releases ERNIE Bot

better understand Chinese culture than
existing generative Al chatbots,

Baidu ERNIE Bot
@————@ February: Baidu previews
Emie Bot

Bing + OpenAl
February: Microsoft debuts the New Bing
powered by Openi and its own
Prometheus Model.
AI21 Labs Jurassic-2
March 2023 - AI21 Labs
AR1labs) releases Jurassic-2, with three
o different sizes. Also introduces
five new generative Al APIs,

Microsoft Introduces GPT-4
March: Satya Nadella and
Microsoft debut OpenAl's GPT-4
likely a multimodal trillion
parameter version of GPT-3

https://voicebot.ai/large-language-models-history-timeline/

arge language models are
etting larger

volving new capabilities

enerative models have
Isrupted the way we think
about Al and its applications
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What if the problem isn’t that systems aren’t smart enough...
but that they’re becoming




Revisiting Grice’s Maxims...

When cooperative communication becomes over-optimization

il v | D

Quantity Quality Relation

Be as informative as Say only what you believe to Ensure your contribution is
required, but no more. be true and evidenced. relevant to the topic.

-

Manner

Be clear, brief, and orderly;
avoid ambiguity.



Revisiting Grice’s Maxims...

When cooperative communication becomes over-optimization

( )
1f & (D) -_l
Quantity Quality Relation Manner
Be as informative as Say only what you believe to Ensure your contribution is Be clear, brief, and orderly;
required, but no more. be true and evidenced. relevant to the topic. avoid ambiguity.
. W,

Over-optimization risk:
° Over-compression
removes exploration

° Single answer focus vs.
alternatives



Revisiting Grice’s Maxims...

When cooperative communication becomes over-optimization

Quantity

Be as informative as

required, but no more.

-

.

%

Quality

Say only what you believe to
be true and evidenced.

~

J

Risks of violation:

° Sycophancy
° Excessive confidence

° Agrees even when
wrong

D)

Relation

Ensure your contribution is
relevant to the topic.

-

Manner

Be clear, brief, and orderly;
avoid ambiguity.



Revisiting Grice’s Maxims...

When cooperative communication becomes over-optimization

Quantity

Be as informative as

required, but no more.

@

Quality

Say only what you believe to
be true and evidenced.

f
Relation
Ensure your contribution is
relevant to the topic.
.

Premature narrowing:

Optimizes toward immediate
intent instead of surfacing
anomalies

-

Manner

Be clear, brief, and orderly;
avoid ambiguity.



Revisiting Grice’s Maxims...

When cooperative communication becomes over-optimization

Ve
Il % GD -,
Quantity Quality Relation Manner
Be as informative as Say only what you believe to Ensure your contribution is Be clear, brief, and orderly;
required, but no more. be true and evidenced. relevant to the topic. 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.
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Humans are inquisifive.













Supporting the cycle of analysis
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Supporting the cycle of analysis
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Spectirum of human-Al collaboration
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Spectirum of human-Al collaboration

& ‘ '@ Automation

A . Augmentation




Spectirum of human-Al collaboration

& . '@ Automation

A ‘ Augmentation
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Help people

see and Understand
their data

taking action




Help people

see and Understand
their data

data taking action
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Automation 2 o 2.

Reference
Al v DATEDIFF(date_part, start_date,
Amazon Aurora end_date, [start_of_week])
Amazon Redshift Search L
Returns the difference between
Aster Database ABS
prc two dates where start_date s
CIME D subtracted from end_date. The
® Google Cloud SQL difference is expressed in units of
HP Vertica Ascll date_part. If start_of_weekis
Text fileSales |BMBiginsights ASIN omitted, the week start day is
e ATAN determined by the start day
- ATANZ configured for the data source.
- 1BM PDA (Netezza)
Text file-Sales Results 17 Fields 6KRows ¥ KeepOnly X Exclude A EditValue CASE
Kognitio CEILING Example: DATEDIFF(‘month’,
Marklogic #2004-07-154, #2004-04-03#,
ane - e i - Mems:gl Ez:;ws ‘sunday)=3
city 109 state 15 = - sales 2
Microsoft SQL Server cos
Abc A7 v Group and Replace X Monet DB cot
" 0 MysaL DATE
st n : . Rl -
lakron ——— Keep Only Aircraft: Airline/0... 111 = - Oracle DATEADD
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From exploratory instruments to delegated reasoning

Suggest

System Agency

Act

Exploratory Visual Instruments

Helping people see and explore

External cognition, visual exploration, human
interpretation

Semantic Interpreter

Helping people express intent

Systems interpret language, semantics, and
conversational context

Human Interpretation

Analytical Partner

Collaborating in sensemaking

Systems participate in recommendations, narrative
construction, semantic guidance

Agentic Analyst

Delegating analytical reasoning

Systems orchestrate workflows, generate
analyses, and autonomously act

System Interpretation



From exploratory instruments to delegated reasoning

Exploratory Visual Instruments

Helping people see and explore

External cognition, visual exploration, human
interpretation

System Agency

Human Interpretation System Interpretation



From exploratory instruments to delegated reasoning
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From exploratory instruments to delegated reasoning

System Agency

Semantic Interpreter

Helping people express intent

Systems interpret language, semantics, and
conversational context

Human Interpretation System Interpretation



From exploratory instruments to delegated reasoning

System Agency
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Semantic Interpreter

Helping people express intent IL L - | | m “

Systems interpret language, semantics, and

conversational context Olio: A Semantic Search Interface for Data Repositories.

Setlur, Kanyuka, and Srinivasan, UIST 2023.

Human Interpretation System Interpretation



From exploratory instruments to delegated reasoning

Analytical Partner

Collaborating in sensemaking

Systems participate in recommendations, narrative
construction, semantic guidance

System Agency

Human Interpretation System Interpretation
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From exploratory instruments to delegated reasoning

Suggest

Plume: Scaffolding Text Composition in Dashboards. Analytical Partner

Lisnic, Setlur, and Sultanum, CHI 2025. . . .
Collaborating in sensemaking

Systems participate in recommendations, narrative
construction, semantic guidance
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From exploratory instruments to delegated reasoning

System Agency

Human Interpretation

Agentic Analyst

Delegating analytical reasoning

Systems orchestrate workflows, generate
analyses, and autonomously act

System Interpretation



From exploratory instruments to delegated reasoning

C O localhost:8888/labjworkspaces/auto-Wireefmulti-agentipynb a
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GPT-40
Data Storytelling
Data Storyteller
Claude Sonnet 35

Jupybara: Operationalizing a Design Space for

w Actionable Data Analysis and Storytelling with LLMs.

Wang, Birnbaum, and Setlur, CHI 2025.

Agentic Analyst

Delegating analytical reasoning

Systems orchestrate workflows, generate
analyses, and autonomously act

Human Interpretation

System Interpretation






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

ol

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
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