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A X How do we

8 team up human and Al agents
for data-driven problem-solving
and decision-making?
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Intelligence Augmentation

Collaborative Human-Al Interaction for
efficient Problem-Solving and Decision-Making

Human-Al Interaction

- human-in-  mixed-initiative Al-in- -

the-loop analysis the-loop

fully automatic analysis fully manual analysis

Main Principle:
“Minimal Feedback for Maximal Gain”
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How can we design
effective and empowering
communication interfaces
for Human-Al collaboration?

- human-in-  mixed-initiative Al-in- -

the-loop analysis the-loop
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Precision tooling

is the backbone of any modern profession..




Tools for Human-Al Interaction
are still vervy blunt and misaligned...
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Correction of...
* inner-workings
e processes & decisions

Domain Experts

(data-driven) Inspection of...
Study Object * inner-workings
* processes & decisions



was this a useful
explanation?

what should we [V [s]1]o=

| was driving to... dgaeli L]
Probing

...New York

many users found
this useful..

Multi-Agent Augmentatgn

walk
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[Thesis of this talk]

We need low-level
contextual instrumentation
for human-Al collaboration



Low-Level Contextual Instrumentation =

Inspection (Model Explainability)
Probing internal states and latent spaces to understand the "why" behind Al logic.

Steering (Human Feedback)
Pruning wild model growth through semantic interactions and feedback canvases.

Accompaniment (Interaction Timing)
Capturing the sweet spot of interaction timing via adaptive guidance mechanismes.

Grounding (Knowledge Externalization)
Externalizing tacit knowledge into explicit, auditable insight ledgers.
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Inspection

Understanding the Internals

What e models learn?
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Comparing Language Models '
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GPT-2 separates into two clusters Bert consists of multiple small clusters

Left | PCA | Right UMAP PCA UMAP
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Rebecca Kehlbeck, Rita Sevastjanova, Thilo Spinner, Tobias Stahle, Mennatallah El-Assady (2021).

Demystifying the Embedding Space of Language Models. VISxAl @IEEEVIS. https://bert-vs-gpt2.dbvis.de/
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GPT-2 places POS Tags along the manifold Bert clusters represent POS tags
Left PCA Right UMAP PCA UMAP
AD) ADJ
ADP e " ADP
ADV % ADV
AUX
: s AUX
g : CCON] e CCONjJ
\ DET 28 DET
Function POS tags are on a tight ring @ INTJ X ¥ Function POS tags can have ® INT)
4 NOUN w multiple clouds NOUN
" NUM NUM
B X PART PART
S PRON PRON
K PRl s PROPN & PROPN
. PUNCT % v, % PUNCT
o A SCONJ SCON]
: AL SYM SYM
Wk VERB VERB
L3S A X X
. , 4 Content POS tags have more overlap [eL3]
il g [SEP]

Content words occupy more rings and
have overlap with other POS tags

Rebecca Kehlbeck, Rita Sevastjanova, Thilo Spinner, Tobias Stahle, Mennatallah El-Assady (2021). https://bert-vs-gpt2.dbvis.de/
Demystifying the Embedding Space of Language Models. VISxAl @/IEEEVIS. DS BPLZ. .
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vs. male-stereotypes

Word (embedding) similarity can hint to biases
encoded in model parameters :
_ stereotypes . person names _ : ﬁ;' ey
| male person names FTD @', \‘]‘I ) wljg
female person names @3\1 \T Q "

@tmnp
= i

100

0.01 sim.to male-person-names —

Sevastjanova, Rita, Eren Cakmak, Shauli Ravfogel, Ryan Cotterell, and Mennatallah El-Assady.
"Visual Comparison of Language Model Adaptation."
IEEE Transactions on Visualization and Computer Graphics 29, no. 1 (2022): 1178-1188.
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Sevastjanova, Rita, Eren Cakmak, Shauli Ravfogel, Ryan Cotterell, and Mennatallah El-Assady.
"Visual Comparison of Language Model Adaptation."
IEEE Transactions on Visualization and Computer Graphics 29, no. 1 (2022): 1178-1188.
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*Lauscher, Anne, Tobias Lueken, and Goran Glavas. 2021. Sustainable Modular Debiasing of
Language Models. In Findings of the Association for Computational Linguistics: EMNLP 2021,

Sevastjanova, Rita, Eren Cakmak, Shauli Ravfogel, Ryan Cotterell, and Mennatallah El-Assady. pages 4782-4797, Punta Cana, Dominican Republic.

"Visual Comparison of Language Model Adaptation."
IEEE Transactions on Visualization and Computer Graphics 29, no. 1 (2022): 1178-1188.
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Is this oversimplification?
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Sevastjanova, Rita, Eren Cakmak, Shauli Ravfogel, Ryan Cotterell, and Mennatallah El-Assady.
"Visual Comparison of Language Model Adaptation."
IEEE Transactions on Visualization and Computer Graphics 29, no. 1 (2022): 1178-1188.
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Is gender bias in language models related to the
real-world gender distribution for different professions?

Male dominated professions

’.......................OOOQO@@@@@@f

ELECTRICIAN CEO
Females: 1.7% Females: 29.1%

This plot represents a selection of professions and the percentage of women working on them in the US.

Javier Rando, Alexander Theus, Rita Sevastjanova, Mennatallah El-Assady
How is Real-World Gender Bias Reflected in Language Models?
Workshop on Visualization for Al Explainability at IEEE VIS, 2022.

PROFESSION FEMALES (%)
Electrician 1.7%

CEO

Secretary 96.4%

Female dominated professions

SECRETARY
Females: 96.4%
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Probability of "SHE" filling the mask in sentences like: [MASK] is a [PROFESSION].

100 4

Color represents real world census data
90
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Ground truth females (%) 17.4%
Y-axis represents the probability of the token "[MASK]" 2]
being replaced by "she" by the model in sentences of the - 107 i
B . N J I
shape "[MASK] is a [PROFESSION]". ¢ Females Males °~ " Prob. "she" Prob. "he"
X-axis represents ground truth percentage of femalesin a Real World Language Model
profession.
DistilBERT

Javier Rando, Alexander Theus, Rita Sevastjanova, Mennatallah El-Assady
How is Real-World Gender Bias Reflected in Language Models?
Workshop on Visualization for Al Explainability at IEEE VIS, 2022.




Explaining Language Model
Embedding Contextualization

https://embeddings-explained.lingvis.io/

pipeline . quantifiers prepositions named entities , cluster 1 cluster 2 cluster 3

- med enttes | prlusterZ cl 1 gl |
LANGUAGE layer1 Ne é ,,a/ T én;:v \ N i o o, :p‘&wl‘w
MODEL 2 e " } g AN 2 | &g wordsembeddmgfrom laYerl =
(e.g., BERT) 3 o ' . : RN >l ; \ : e NRIGEgMS S |
I 5 1 5 %
WORD 5 U
<[> ‘ _ ;
() vpeonnes 6 e -
l ; 7 A, . £ow
i - word s embedding from layer 2
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projection of words 12 ki E - oo 12 ".. VIR A SN Y
conng c ar‘ s! word grouping based on manually created categories word grouping based on spatial patterns UMAI\’ ........ ; dbdd
LMExplorer color: contextualization score (here: self-similarity)  color: word 20 coordinates (here: coordinates in layer 1) projectnamiot enbedtings

Rita Sevastjanova, Aikaterini-Lida Kalouli, Christin Beck, Hanna Schafer, Mennatallah El-Assady (2021).
Explaining Contextualization in Language Models using Visual Analytics. Association for Computational Linguistics.
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What drives an LLM’s embedding contextualization?

cell phone prison cell biological cell

“He examined the cell , wondering...”

Rita Sevastjanova, Aikaterini-Lida Kalouli, Christin Beck, Hanna Schafer, and Mennatallah El-Assady. 2021.
Explaining Contextualization in Language Models using Visual Analytics.
Association for Computational Linguistics (ACL Long Papers), pages 464—476.
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What drives an LLM’s embedding contextualization?
s it the word’s context variation? Or its polysemy?

Contextualized word embeddings:
°* may: <-0.581083 0.029549 -0.092858 -0.063634 -0.547897 0.004871, .. >

o ° Mmay: <0.744181, -1.465255, 0.104348, -1.066828, 0.30615, -0.023076, ..>
N V2 0 - may: <-1.087184, -0.137186, -0.637199, -0.422636, -0.638509, 0.32379, .. >
BERT 3
- . o
=l ¢ Word self-similarity:
/ 2 n n
. .)
Encoder-only LLM g

i j*i

Rita Sevastjanova, Aikaterini-Lida Kalouli, Christin Beck, Hanna Schafer, and Mennatallah El-Assady. 2021.
Explaining Contextualization in Language Models using Visual Analytics.
Association for Computational Linguistics (ACL Long Papers), pages 464—476.
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Building

Interlinked Projections

universe tsunami
attorney

could may

should river

never
now
every

universe tsunami
attorney

on  may could

every

all should

river
today

now never
set

Rita Sevastjanova, Aikaterini-Lida Kalouli, Christin Beck, Hanna Schéafer, and Mennatallah El-Assady. 2021.

Explaining Contextualization in Language Models using Visual Analytics.
Association for Computational Linguistics (ACL Long Papers), pages 464-476.

UMAP Projection
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min self-similarity max self-similarity
1 n n
Z—Z Z Cosine Similarity( context_emb; context_emb)
nc—n '
i j#i

Rita Sevastjanova, Aikaterini-Lida Kalouli, Christin Beck, Hanna Schéafer, and Mennatallah El-Assady. 2021.
Explaining Contextualization in Language Models using Visual Analytics.
Association for Computational Linguistics (ACL Long Papers), pages 464-476.
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Interlinked Projections

min self-similarity max self-similarity

Rita Sevastjanova, Aikaterini-Lida Kalouli, Christin Beck, Hanna Schéafer, and Mennatallah El-Assady. 2021.
Explaining Contextualization in Language Models using Visual Analytics.
Association for Computational Linguistics (ACL Long Papers), pages 464-476.
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Building
Interlinked Projections

Rita Sevastjanova, Aikaterini-Lida Kalouli, Christin Beck, Hanna Schéafer, and Mennatallah El-Assady. 2021.
Explaining Contextualization in Language Models using Visual Analytics.
Association for Computational Linguistics (ACL Long Papers), pages 464-476.
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Layer 1

" Layer12

BERT min self-similarity max self-similarity
| -

Rita Sevastjanova, Aikaterini-Lida Kalouli, Christin Beck, Hanna Schafer, and Mennatallah El-Assady. 2021.
Explaining Contextualization in Language Models using Visual Analytics.
Association for Computational Linguistics (ACL Long Papers), pages 464—476.
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Rita Sevastjanova, Aikaterini-Lida Kalouli, Christin Beck, Hanna Schafer, and Mennatallah El-Assady. 2021.
Explaining Contextualization in Language Models using Visual Analytics.
Association for Computational Linguistics (ACL Long Papers), pages 464-476.
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[transformatiorq

dimensionality
reduction

[representatioﬂ

2D projection

[ interpretationj

S

exploration

the low dimensional space may
not fully capture all true
relationships within the high-
dimensional data, introducing
distortion l

distortions in the latent space get
transfered to visual
representation

|

the representation has an impact
on the human analytic process and
can lead to false interpretation of
the underlying data properties

Rita Sevastjanova, Robin Gerling, Thilo Spinner, and Mennatallah El-Assady.
LayerFlow: Layer-wise Exploration of LLM Embeddings using Uncertainty-aware Interlinked Projections.

In: Computer Graphics Forum (EuroVis), 2025.
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ajob in an organization

However , the Sunni Human Rights appointee Hashem Ashibli quickly turned down the @ , leaving a single vacancy in the 33
The leader of Germany 's Social Democratic Party says he will not run again for that and might not serve in a new cabinet

The vote will follow President Viktor Yushchenko 's decision Wednesday to again nominate her for 1he.
The president 's first nominee for the , Ali Saeedlou was rejected in August by lawmakers who said he was not qualified .
Most analysts had expected Mr. Peres , a former prime minister , to retain his party 's leadership .

close reading 4T

Use specific tags:
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Linkage technique:
[Linkage with Best Silhouette |
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[High dimensional ~]

~ Show cluster context information

Stretch embeddings vertically by low dimensional
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Scatterplot

Datapoint hovering

Rita Sevastjanova, Robin Gerling, Thilo Spinner, and Mennatallah El-Assady.
LayerFlow: Layer-wise Exploration of LLM Embeddings using Uncertainty-aware Interlinked Projections.

In: Computer Graphics Forum (EuroVis), 2025.
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Word sense: position.n.06

ajob in an organization
However , the Sunni Human Rights appointee Hashem Ashibli quickly turned down the , leaving a single vacancy in the 33
The leader of Germany 's Social Democratic Party says he will not run again for that @

The vote will follow President Viktor Yushchenko 's decision Wednesday to again nominate her for the.
The president 's first nominee for the, Ali Saeedlou was rejected in August by lawmakers who said he was not qualified .

and might not serve in a new cabinet

Most analysts had expected Mr. Peres , a former prime minister , to retain his party 's leadership s
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LayerFlow Workspace

Rita Sevastjanova, Robin Gerling, Thilo Spinner, and Mennatallah El-Assady.
LayerFlow: Layer-wise Exploration of LLM Embeddings using Uncertainty-aware Interlinked Projections.

In: Computer Graphics Forum (EuroVis), 2025.
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(Linterpretation uncertainty |

cluster summaries
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Rita Sevastjanova, Robin Gerling, Thilo Spinner, and Mennatallah El-Assady.
LayerFlow: Layer-wise Exploration of LLM Embeddings using Uncertainty-aware Interlinked Projections.

In: Computer Graphics Forum (EuroVis), 2025.
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Case Study Findings: Word Sense Disambiguation
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Rita Sevastjanova, Robin Gerling, Thilo Spinner, and Mennatallah El-Assady.
LayerFlow: Layer-wise Exploration of LLM Embeddings using Uncertainty-aware Interlinked Projections.
In: Computer Graphics Forum (EuroVis), 2025.
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cell phone prison cell biological cell

“He examined the cell , wondering...”

How do systematic input perturbations influence LLM model behavior?

insert delete replace change

1-token-|nsertion 1-token-replacement multiple-token-replacement or 1-concept multiple-token-change
replacement

negation verb tense hyponym vs. hypernym female vs. male verb tense word order voice

synonym noun vs. pronoun numeral vs. word length sarcasm

antonym named-entity synsets formality sentiment
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GenerAltor: Tree-in-the-Loop Text Generation
for Language Model Explainability and Adaptation

T. Spinner, R. Kehlbeck, R. Sevastjanova, T. Stahle,
D. Keim, O. Deussen, M. El-Assady

A human wants to submerge
himself in water, what
should he use?

Possible answers. are:

Revea I | ng I nte rnal iCoffeencip! L Whinpool

Answer: "

003  Water 0.20

0.22

_0.14 n 0.83

Decision-Making

0.30

n
1
0.04 0:41
0.21 uddle cup HEAD

044— N

Spinner, Thilo, Rebecca Kehlbeck, Rita Sevastjanova, Tobias Stahle, Daniel A. Keim, Oliver Deussen, and Mennatallah El-Assady. "generAltor: Tree-in-the-
loop Text Generation for Language Model Explainability and Adaptation." ACM Transactions on Interactive Intelligent Systems 14, no. 2 (2024): 1-32.
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y Sequence Succession Edge
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Q Spinner, Thilo, Rebecca Kehlbeck, Rita Sevastjanova, Tobias Stahle, Daniel A. Keim, Oliver Deussen, and Mennatallah El-Assady. "generAltor: Tree-in-the-
== ) loop Text Generation for Language Model Explainability and Adaptation." ACM Transactions on Interactive Intelligent Systems 14, no. 2 (2024): 1-32.
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Single Tree Visualization
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John is great. One. could

even say that
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<PH>_is great._ One. could
even. say. that

&)

S Jayden is_great. One
could. even. say that

.

Jessica is great. One
could even say that

]

he
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she
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a
B

]

Comparative Analysis
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best

-]

the

O

]

o} e

NBA

] =

[ great
Fquarterback in ] the ] | NFL []
| best ] B
player in I the ] league ] B
[ best] [ actress I |nJ [ the] [ world | G
e
| most I beautiful [ woman [ in ] [ the | [ world ]

Spinner, Thilo, Rebecca Kehlbeck, Rita Sevastjanova, Tobias Stahle, Daniel A. Keim, Oliver Deussen, and Mennatallah El-Assady. "generAltor: Tree-in-the-
loop Text Generation for Language Model Explainability and Adaptation." ACM Transactions on Interactive Intelligent Systems 14, no. 2 (2024): 1-32.
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Tree Selection =< A\

Create New Tree
A

Prediction Parameters 8§

Replacements for <PH> node:

John

Jessica

Tree Detail: Full
Node embedding color: On
On
On
On

&

Node probability color:

]

Edge sentiment color:

[

Wordlist colors:

Spinner, Thilo, Rebecca Kehlbeck, Rita Sevastjanova, Tobias Stahle, Daniel A. Keim, Oliver Deussen, and Mennatallah El-Assady. "generAltor: Tree-in-the-
loop Text Generation for Language Model Explainability and Adaptation." ACM Transactions on Interactive Intelligent Systems 14, no. 2 (2024): 1-32.
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Case Study Finding:
Syntactic Perturbations

Negation boosts the probability

of unwanted tokens

Answer my questions.
Do not use the word
‘raspberries .

Q: Which type of red

green bushes?
A:

berries grows on small,

straw

Model RedPajama-INCITE-Instruct-3B-v1 e——

Prompt Answer my questions. Do not use the
word ‘strawberries‘.
Q: Which type of red berries grows
on small, green bushes?
A:

Answer my questions. Do not use the
word ‘raspberries‘.

Q: Which type of red berries grows
on small, green bushes?

A:

Challenge Negation
Single-Instance | Single

berries 0.81 D 0.61 [:] 0.98 D

0.81

HEAD

berries 0.81 D
0.62
0.83
p 1.00 0‘83

.. =
w
. l ’

0.07
0.97
Spinner, Thilo, Rebecca Kehlbeck, Rita Sevastjanova, Tobias Stahle, Daniel A. Keim, Oliver Deussen, and Mennatallah El-Assady. "generAltor: Tree-in-the-

loop Text Generation for Language Model Explainability and Adaptation." ACM Transactions on Interactive Intelligent Systems 14, no. 2 (2024): 1-32.



Scenario: Prompt Sensitivity

Model RedPajama-INCITE-Instruct-3B-v1

Challenge Prompt Sensitivity

A:

Prompt Answer the following questions.
Q: What is the current GDP of India? - a— [j E]
A:<PH> Answer the following
. 0.43 HEAD
<PH> /) questions.
L cesnennnnennennnns) Qi What is the current 0.39 0.93 E] 0.07 0.87
GDP of India?

Task Multi-Instance

* Sensitivity of RedPajama

BASE

Instruct model to white Answer._the_following Answer._the. following E]
spaces added to input AR uestions s
P inpu Q. What is the current at " 0.16 e
. Q: What is the current
prompt oL o [Relk? GDP of India? [j HEAD
A:<PH> A

* Highlights the importance
of punctations in prompts

. Answer the following
 Shows the importance of s
probabilitiy investigation o jhat s the current 0ss | 1 o3 E] HEAD
of alternative branches A: 0494 $ 085
0.35 0.90 []
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5.5 Scenario: Bias

Model bloom-3b
Prompt <PH> women like to

<PH> All, Some, A few

Challenge Bias
Task Multi-Instance

ETH:irich

Given a general input prompt the model
produces on very specific topics and
sterotypical predictions

0.1

[All women like to]

0.08

012 [ beautiful ] 0.38 [ and l 019 [ confident ] - 0.24 E]
sexy I 0.45 | and I 0.1 5[ fident

012

o
8

[Some women like to]

[3
X} A over
0.06 have | 027 E] 0.13 020 | _the 52 lives | 0.36 E]
. X . i

O'Ds o

0.05

]
[A few women like to] 0.02 0.51 [-shirt ] 0.21 [ with] 0.46 B
55) wear | 014 B o.zs HEAD
0.06 I bra ] 015 | _that l 0.22 [ is] 010 024 D 018 0.29 ca ‘F@q;";:h@
0.21 '“' Tm
E] 015 | _whi ch 03-1 can @ 4:,{@%
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Revealing the Unwritten:
Visual Investigation of Beam Search Trees
to Address Language Model Prompting Challenges

(e =0
0.00
[3 1.00 am | 100 [ sorry] 1.00 [Z] 096 @ 1.00 [ cannot | 1.00/f answer 1.00 1.00 question | 100 [:]
Is_human surveillance
rrmeemasessnesensnne Soadi. < think 001 E] 093 1.00 D A

099 .
C] 1.00 </think> 1.00 D 0.14 0.58 073 ‘ Al

sAEsz ............. 0.53 O ———
e ————— E] 0394 i 1.00 E] 03| places | o080 G 097 ' high
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1.00

(C) 022 [ and] 048 | the
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bad? <think> 0.07 ail HEAD
— Y e, & N re— Y e, = V o Y s, 0 Y A, V e, 8 [ ~ -

| (b) [...] The government always adheres to a people-centered [development philosophy, ...]

[ suneilanced () [...] I am sorry, I cannot answer that question.

on

0.49 [ Communist

Alignment & Jailbreaks R

) ) N ——————— —,—m USS
Detect policy-violating [:] — ,w
0.15

responses. [ The ] 0565 L J 099'| government | 079

always] 097 adher 1.00 1.00 I to [=o7s G 1.00 ' people | 098'| -centered

g = Try it Yourself!

- Spinner, Thilo, Rebecca Kehlbeck, Rita Sevastjanova, Tobias Stahle, Daniel A. Keim, Oliver Deussen, and Mennatallah El-Assady. "generAltor: Tree-in-the-
v} loop Text Generation for Language Model Explainability and Adaptation." ACM Transactions on Interactive Intelligent Systems 14, no. 2 (2024): 1-32. demo.generaitor.ivia.ch
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Developed by the Swiss Al Initiative as a collaborative effort between EPFL, ETH

Zurich, and CSCS. Open weights, open data, open science.

Get Started Technical Information

https://apertvs.ai/
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VISUAL ANALYTICS FOR BIAS DETECTION

TreeTracer

augmented prompts augmented prompts
o ‘customer
The engineer finished the shift, and then went home because The housekeeper finished the shift, and then went home because Caroer %
~Jipr that needed 1o be...
The welder finished the shift, and then went home because The secretary finished the shift, and then went home because (1)
‘ e @ daughter
Fomale Nouns
The technician finished the shift, and then went home because The nurse finished the shift, and then went home because e
average probability
go to work
The pilot finished the shift, and then went home because The 1librarian finished the shift, and then went home because for female and male
g noise
The doctor finished the shift, and then went home because The assistant finished the shift, and then went home because Charactorislics
The plumber finished the shift, and then went home because The cashier finished the shift, and then went home because © sick
I (%) children
“_generate . generate —— Famiy
", . * L)
. tree ! tree ©. family
5 [._ Female Pronow Family
A L Aa / s s
4 ) ara f’ B plans for the-
o °H 4 8 spend more time.
m I““ B take some time 1o @:I’;\un
$ — ——— it
\ — 18 work on something.
\ needed to. B get some sleep be...
1 . ram— ©) uok () Gail
| e Los K — 1
?ﬂ* C g (0 y select branches s 8 rom the long shin.
'.&...i B eedeate u_ . ) be— i"’“ 1 r.n
I for comparison Wonk
' going to make din...
.............. the: was a member of t...
O S— merge R
@i f,';@m ) bumy any. %) busy day
L ol ey Male Pronouns. Female Nouns Time and Scheduling
Male Stereotypical Occupations Female Stereotypical Occupations Contrastive Inference Tree

We introduce TreeTracer, a visual analytics approach for bias detection through aggregated comparison. It uses a systematic perturbation pipeline to aggregate
hundreds of stochastic generation paths while preserving local decision probabilities. We then visualize the resulting probability trees with a novel Sankey adaptation,

combine side-by-side ontology-driven views with a custom contrastive inference mode for rigorous bias analysis.

https://treetracer.ivia.ch/ %«
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? £ ONTOLOGY

Female names

professional writer.
Arts

ballet dancer.

Arts

After receiving their degree, ... wants to become a

social worker.
Female Occupations

nurse.
Female Occupations
flight attendant.

Female Occupations

teacher.
Occupations

Occupations

doctor.
Occupations

accountant.
Occupations

therapist.

Occupations

pediatrician.

school teacher. )
Occupations

Occupations
clinical pediatri...
Science
pharmacist.
Science

https://treetracer.ivia.ch/
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apertus-8b-base 8B

Female Names 15 subs - 35 merged

Male Names 15 subs - 35 merged

N Separate tokens

Female Names

After receiving their degree, ... wants to

become a

teacher.

Occupations

) , wants to take a...
Male Persol
(=) and experience to...
Education
Maie person W8
Male Person N8
Occupations
teacher.
Oceupations
.

Occupations

upations
veterinarian.
Oceupstions
eratet
Occupations

(2] psychologist. -
Science -
...... Education Qccupations
wants to become .
&

https://treetracer.ivia.ch/

Male Names

After receiving their degree, ... wants to

become a

teacher.
Occupations

Occupations

Occupations

Occupations

(" financial
Occupations
@ medical doctor.

Ocaupations

Occupations
veterinarian.
Occupations
“k‘ the future is ..
Ocrupations
(2) teacher.
Female Pereg Occupations

@
©
(5
@

and play in a lea...

[«

N Separate tokens

%o Merge trees or filtered branches
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Family

male OCcupations

average probability
for Female Names
and Male Names

onouns
Female Pronouns

New York.
Major Cities

d to work as pse
upations

©
Male Occlpa
@ herself.
tpations Female Pronouns
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(@)

(@) ’ Philadelphia.

Occupations 1 Major Cities

@ residency.

Occupations

@ store.

Occupations

@ hotel lobby.

Occupations

@ nightclub.

Occupations

restaurant.
Occupations

@ bar.

Occupations
j

(@)

home.
Occupations

musician
Arts

actor
Male Occupations

chef

Occupations

31.4%

soccer player
Sports

68.6%
wrestler
Sports

York
Major Cities
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dangerous!

Negative Characteristics

dangerous.

Negative Characteristics

dangerous.
Negative Characteristi and

is tex... Negative Characteristics
dangerous.
provide arespons... Negative Characteristics

really sorry, bu...

assist with that. Ape rt u S

©

Strong

@ antifungal agent.

Weak acteristics Science

, like any other ...

(%)

preservative.
Health & N

GPT2-XL

@ medicine.

Positive Characteristics Health & Medicine

(8)

Science Science

(&)

while they are st...
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Choose an existing task

El-Ardiente-Secreto ©® 0

Sentiment-Analysis ®

Film Actor © 0

Medical-Question ® 0

Restaurant-Review ©® O

The Con Artist ® 0
or

+ Create a new task
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Experiment Panel » Run

AW AV AT AV AW ATV AW AT AV AV AT AV AT AT

[ ]
Model: | gpt-35 o~ EEEE EEEEEEEEE S |

Sampling: | Full Combinations Sampling She states it started 1

A 23-year-old pregnant woman at 22 weeks gestation presents «

# Samples: 512 day ago and has been worsening despite drinking more water and taking cranberry extract. She otherwise feels well
and is followed by a doctor for her pregnancy Physical exam is notable for an absence of costovertebral angle
LS i see tenderness and a gravid uterus. Which of the following is the best treatment for this patient?
¥ 23-year-old 6 & e
G 53 ® A. Ampicillin B. Ceftriaxone C. Doxycycline D. Nitrofurantein
¥ at 22 weeks gestation 6 8 e
» with burning upon urination a8 e . . . . . . . . . . . E - |
¥ She states ... 6 B @ . ....... ... B ° ]
o L EEE EEEEEE EEE"® . |
L L] HEEEEENE EBEE-®G ‘ |
b it started 1day ago
H H BEEEEE EEER:® - I
¥ has been worsening ... &8 e H BEEEEEEEERE"® . |
* despt.. 6@ o EE SEEEEEEE EE: - I
v [and] & ®® HE HE BHEEEBEEEEE-G ’ |
. HEEEE EEENR HEER:E: - |
drinking more water 6 & o . . . . . . . . . . . o . I
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[Tell me about...

OUTPUT 2 & O O Vew -|

Furui Cheng, Vilém Zouhar, Simran Arora, Mrinmaya Sachan, Hendrik Strobelt and Mennatallah El-Assady.
RELIC: Investigating Large Language Model Responses using Self-Consistency. ACM CHI. 2024.
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Topology-Aware Analysis of Contextualized Embeddings

Layer: 12 w»
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Projection: PCAw
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Mapper Parameters

Selection Explanation A

4 COMPARE SAVE

Distribution of Top Tokens w

LLM Explanation =,

1 diversificati cor li

Across the clusters, the focus word 'of' evolves in usage,
appearing consistently in varied contexts such as
experiences and opinions. The emergence of 'as’' indicates a
shift towards descriptive comparisons, highlighting roles and
responsibilities. The tone transitions from critical to more
informative, with underlying themes of personal experience
and evaluation.

Consistency: 0.86 Perturbed Explanation

Selected Instances

word label sentence
. This has to be some of the worst pizza | have

of Identity 2

ever had the misfortune B ordering .

We got there , and we were treated to the free "
of Identity a

upgrade " [l a room with two double beds .

Everyone can get the signature dish with
of Identity ingredients and spices that they want and have

the fun B watching it cook .
In addition to the core treatment , Dr Nelson has
impressed me further with his concern and

of Identity interest in the well - being of his patients - his

Explanation and
Verification Panel
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@ Asign Mapper Graphs B2

Asgnment strength: 0.50

—C)

Local Alignment Discovery 83

Number of aignment pairs:
@ Auto-detect Edge weights

Compute aignment

%‘_E?f'éx~—

Local Alignment 9
Left: 11 nodes, Right: 13 nodes Jaccard
similarity: 0.38

Local Alignment 2
Left: 17 nodes, Right: 23 nodes Jaccard
similarity: 0.26

Local Alignment 14
Left: 20 nodes, Right: 16 nodes Jaccard
similacity: 0.26

Local Alignment 19
Left: 8 nodes, Right: 7 nodes Jaccard
wimilacity: 0.25

Local Alignment 3
Left: 7 nodes, Right: 2 nodes Jaccard
similarity: 0.1

Local Alignment 15

Left: 0 nodes. Riaht: 1 nodes Jaccard

@ Show overlay

Mapper Parameters L

Model: BERTBase v Epoch: 6 \rou BERTBaso v Epoch 6

oo (C) z

Merge st6ps (i 20). ) C1

———=Selected Inter-edge

e . oo

b o—oa e’
4 :

Oval supernodes with inner mapper nodes expanded outward. (@
Adjust layout
_

W —O

Selected Details A

® Shared (3) Left only (9) Right only (30)

Summarize table C2

Summarize entire table

The word *at" consistently functions as a preposition indicating
focation or association in these contexts. It appears in phrases that
denote spacific places or organizations, emphasizing relationships
between the speaker and the entities mentioned. its position
typically precedes a noun phease, reinforcing its role in connecting

subjects to their environments or affiliations.

*Details in this edge

Word  Role  Sentence C3
As first - time home buyers , my husband and |

at p.Org  found Stophanie Fairchild §l Prudential Steamboat
Realty , oxtromoly holpful .

at p.Org  1'm really thankful for the folks iif HR Office .

1 will continue going to Dave il Midas because he is
at p.Org  one of the most honest business owners in this
town |

Local Structure of Layer 3 Local Structure of Layer 12

(word 'at') 1
oo

(word 'about') 2

‘,"”""‘*0 6 W Topic

(word 'with') 3

ceo——0—)

(word ‘about’) 4 7 [ Topic

1: one-to-one

\“o“""zs

Word: 'of

worq. o

>o0—— 0,
.Whme 2: Fan |n .Explanaﬂon
L ot WOrd:A/o"
{ fo—o—ooe
G
) .s\“(,t'- ot wﬂ\
Widenti wmdg;as.
entity
| —e—e-oee te—f
4- Fa n out itheme Manner
o0
°
*oo—0—o |
— O-o—0-00
Wistarttime [l Time  [[lCircumstance
S-o—e=00 I have ate here 3 times they first opened, and
P »the service has been poor each time , the staff
€49 always comes across as somewhat rude and slow .
Edge 2. ,I haven't been able to find a shoe repair place in

J’":;'—‘o'—'-.:-‘;;;‘ “seattle [T that has been able to do it .

_ﬂ my appointment the girl helping me was unable
to adequately lace up some of the dresses .



Topological Alignment of Representation Spaces

Image
Modality

' C
®
f
&
®
8]
® B
:@:
e
@

Text
Modality

®

Cosine distance of image-text pairs:

.

0.50 0.55 0.60 0.65 0.70

D: Fanin
b 1
o 2
¢ 3
02X
d 4
oo 5
e

Caption summary of edges 1-5: Captions depict urban or

outdoor settings with people engaging in various activities.

Edge 1 (3 items): person (3); tennis racket (3); chair (2)

ground.

Residential living room with
fireplace and large television.

Edge 3 (42 items): person (31); car (18); traffic light (11)

People walk down a busy city street, with
traffic light.

Edge 4 (8 items): train (8); person (3); traffic light (2)

The passenger train is pulling
has arrived at the station.

Edge 5 (7 items): dining table (7); cup (4); fork (4)

two people seated at a dining table with
a plate of food before them.

3

A tennis player is leaping off of the

E: Fan out

1 L
2 Q
3 oo
4 o
5
®

6

o—eo
7

oo

Objects in edges 1-7: person (26), remote(10), bottle(9)

Edge 1 (3 items): individuals
sitting on benches.

Edge 2 (10 items): people
playing video games.

Ayoung male sitting on a park  Two young men playing a

bench typing on a laptop.

Edge 3 (12 items): pizza and
related dining experiences.

A group of young people
holding a pizza party.

Edge 5 (3 items): zebras are

featured in various setting.

Three zebras interacting in a
200 zebra enclosure.

game on the Nintendo Wii.

Edge 4 (3 items): cats
interacting with water sources.
S

- -l
A black cat drinking water out
of a water faucet.

Edge 6 (22 items): Domestic
settings featuring pets,
refrigerators, and bananas.

A dog sitting in front of a
laptop on top of a bed.

Edge 7 (3 items): Giraffes are a prominent focus.

A giraffe stands in the brush near trees.



rtifacts ontribute out ign
CLARITAS g

APERTVS

CLARITAS

A public home for interpretability artifacts, experiments and opinions on
Apertus, Switzerland's open multilingual language model.

Recent artifacts https://apertus-claritas.org/

Borrowed Geometry: How Low-Resource Languages Inherit High-Resource Structure

When you ask a multilingual LLM to translate into Galician, is it actually thinking in Galician? Or is it leaning on Spanish — its better-resourced Romance
relative — to get the job done? This thesis argues the latter, and provides causal evidence for it.

Exploratory Mechanistic-interpretability Multilingual Al Translation #apertus-1.5

T Detecting and Reducing Hallucination in Multiple-Choice Questions with Activation Steering

We study mechanistic error reduction via activation steering on the Apertus family of language models, extending the Mechanistic Error Reduction with
S Abstention (MERA) framework to mixed-domain and cross-dataset settings.

Exploratory Steering Mechanistic-interpretability Active-interpretability #apertus-1

Visualizing Hidden LLM Bias through Stochastic Path Aggregation

This post introduces TreeTracer, a visual analytics tool that aggregates hundreds of generation paths to audit Large Language Model biases. You can
interact with the tool at TreeTracer.ivia.ch. We use this framework to evaluate representational harms, syntactic rigidity, and the efficacy of safety
alignment in models including GPT-2 XL and the constitutionally aligned Apertus family. By developing custom visual encodings for aggregated...

Exploratory Model-evals Visualization Bias #apertus-1

Active Interpretability with Hallucination Probes: Exploding Activations in Apertus-8B

Hallucination probes are small classifiers that read an LLM's internal states to flag when the model is making things up. When we trained them on
‘Apertus-8B-Instruct-2509°, they were far less stable than the same probes trained on ‘Llama-3.1-8B-Instruct’. We traced the problem to exploding
activations in deeper layers: hidden state magnitudes grow so large that the probe's optimizer can't learn a reliable decision boundary. By applying four...

Exploratory Active-interpretability Mechanistic-interpretability #apertus-1
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Steering

Pruning the Wild Growth

How do we guide and steer the models?

c X8
L
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Model Development R o p— Documents

Sankey » vy | Document
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taxes for middle {c people A
want to bring gates down , ndmbenm&ne
lower - :\:;Iedmﬁunipuunhﬂyfw
mmam ummmwzg

Muﬂhﬂmmdﬂewmmm
and hire more people . For me , I look at what 's
in the last four years and say this has been
. We can do better than this . We
dou'thmcouvkkt how many months , 43
months with unemployment above 8 percent , 23
million Americans struggling to find a good job
C r@unw There are 3.5 million more women
urrent living in poverty today than when the president

took office . We do n't have o live like this . We can

Model Icicle n.“*mw.m:!&mh
e o

dmt Gadnguwlhllmzdw Fixing our
finally .
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O o 000
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Alternative Alternative
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Sperrle F, Schafer H, Keim D, El-Assady M. Learning Contextualized User Preferences for Co-Adaptive Guidance in Mixed-Initiative Topic Model Refinement. In Computer Graphics Forum 2021 (Vol. 40, No. 3, pp. 215-226).



= Visual
User Combine / Explanation
Feedback [N Simir
N\

= Al agents learnto (3
— provide suggestion P
only when it is useful.

combined the topics on . I8Rg) (8 documents) into one

about {€ollege) . | decided based on 2/4 available rules with

a confidence of 100%. The most important rules are:

Coherence ' & Separation #* & Event: New Subtopic “\ Ve rbal
Explanation

Al Agent Card

Sperrle F, Schafer H, Keim D, El-Assady M. Learning Contextualized User Preferences for Co-Adaptive Guidance in Mixed-Initiative Topic Model Refinement. In Computer Graphics Forum 2021 (Vol. 40, No. 3, pp. 215-226).



Process Control

Documents [N

OBAMA:

Candy , what Governor Romney said just is n't true .
He wanted 1o take them into bankruptcy without
providing them any way to stay open . And we
would have lost a million jobs . And that -- don't
take my word forit, mhmamm

‘you his prescription was | work . Ar
Governor Romney s says he 's got a five - pomtphu
* Governor Romney does n't have a five - point plan
. He has a one - point plan . And that 1s 1o make
sure that folks at the top play by a set of
rules . That s been his the private
sector , that 's been his philosophy as | that
's been his philosophy as pﬁdﬂnhlm
mﬁnmhlluofmmdpqm:um
than samebody

‘\mmmplxet‘orﬂ\ehudem& That ‘s what's
been squeezing middle class families . And we have
fought back for four years to get out of that mess .
The last thing we need to do is to go back to the very
same policies that got us there .

ROMNEY:

Well what you 're seeing in this country is 28 million
people struggling to find a job . And a lot of them |
as you say , Candy , have been out of work for a long
,long, long time , The president ‘s policics have
heen exercised over the last four years and they
have n't put Americans back to work . We have fewer
peaple working today than we had when the
oresident ook office . If the - the unemplovment

Combine Split Reinsert Small Remove Reinsert Reinsert Worst
Similar Incoherent Chaining Outliers

o o o o) o

..observing .observing R ) ...observing ~.observing
& walting to & waiting to & waiting to & walting to
make a make a make 3 make 3

suggestion! suggestion! ! suggestion! suggestion|

Sperrle F, Schafer H, Keim D,essady M. Learning Contextualizear Preferences for Co-Adaptive Guidance in Mixed-Initiative Topic Mo@lefinement. In Computer Graphierum 2021 (Vol. 40, No. 3, pp. 215e).



Interactive and Explainable
Topic Model Refinement

Model
Development

L
Sankey 0g

lower exemptions and deductions , particularly for
people at the high end ? Because if you bring rates
«down , it makes it casier for small business to keep

capital and hige gd for me ,

cs more mo
ple . For me , I look at what s
ft four vears and hach

el ikt g
. Ispent my private sector .
know why jobs come and why they go . And they re

Combine Split Remove Reinsert Reinsert Worst

Similar Incoherent Chaining Outliers
el 1>/ ol o ® v x 000
Alternative Alternative
.observing ..observing
sugpistions Sgpestions & walting to & walting to
> make 3 make 3
S suggestion! suggestion!

contextualized
p I removed the topic about (IR (16 documents) as It
- performed worst according to my metrics. | decided based on
l ea rn I ng 1/3 avallable rules with 3 confidence of 100% and
uncertainty of 66% The most Important rules are:

Distinctiveness ™ & Separation 5 & Event: New Subtopic

1 combined the topics on () @ (13 documentsyinto 1 split the topic about with § documents Into Ag e nt Ca rd S

one about I decided based on /7 avallable rules  about (§uategy) | decided based on 4/8

with a confidence of 100% and uncertainty of 71%. The avallable rules with a confidence of 100%. The most

most Important rules are: Coherence 7 & Separation & &  Important rules are: Coherence % & Separation # &

Event: New Subtopic New Subtopic . Coherence? & Distinctiveness ™
A, Event: New Subtopic

agent suggestion selection

— — -

Sperrle F, Schafer H, Keim D, El-Assady M. Learning Contextualized User Preferences for Co-Adaptive Guidance in Mixed-Initiative Topic Model Refinement. @melassad Yy | el-assady.com
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Multi-Type Feedback and Guidance

Conlrols Fuytuse W Soma ® | Crtmie &

document P
groups A 4
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sorted \) ‘
optimization v
N

speculations

C

contextualized
user preference
= learning

agent suggestion selection

reinforcement learning

' e
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tyear Middle diGuction B3y iRcome PEople tHiion M

CROWLEY
&SVsmor Romney . 1im sure youve got a reply there . { LAUGHTER ) ROMNE
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what | saxd about my 8% BIan  Thetop 5 Barcent wil continue to 33y 60 pai
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SFle . Ang for me , I is about Jobs.. | want 1o get America's economy going again . Fifty

mall busiesses are able 1o keep more money and hire more BEGple For me | look a1 whar's
how many months . 43 months with unemploymens above & Bercent . 23 millon Americans
when the Bresident took office . We don't have to Ive Tke ths . We can get this economy going aain . My five-pol
hy 1 Latin America . Cracking down on China when they cheat - Gettng us to a balanced budget  Fixing our traming programs
and thrive | know how to ke that happen | spent my e in the private sector | know why jobss come and why they go

T

happened In the last four Jears  and say this has been a disappointment
strugging to find a good Job ight now - There are 35 millon more women
Goes & Energy independence for North Amenca in fve years

for our workers - And fnall , championing small busmess | want
And tney're gomg now because of the poicies of this agministraton

g
documem 1 I
relevance

feedback

El-Assady, M., Jentner, W., Sperrle, F., Sevastjanova, R., Hautli, A., Butt, M., & Keim, D.
lingvis.io - A Linguistic Visual Analytics Framework. 2019.
In Proc. Annual Meeting of the Association for Computational Linguistics: System Demonstrations (pp. 13-18).
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ETH ziir

ETH:ziirich A | 1A:2b

What kind of human feedback is available,
I.e. how can categorize different types of human feedback?

Model-Centered Dimensions

Human-Centered Dimensions Interface-Centered Dimensions
D1: D2: D3: D4: D5: Content Deé6: D7: Temp. D8: Choice D9:
Intent Expression Engagement Relation Level Actuality Granularity Set Size Exclusivity
: —
= S22 0-8-0-000 .
o State

Evaluate n .
‘* O Instance Single
b i o v

?
_X Explicit Proactive Absolute 'l‘~ Observed 0-0-86-0-00 . . Sdliga
Instruct 2 Segment .
— 8 A (Il
—— *-.-_ /) S Feature Multiple ‘
: ‘ - X
J_ o-0-0-0-0-0

Implicit Reactive Relative Generated
Describe E’ Tl w Shared
Meta E Infinite

None Entire Beh.

Mapping Out the Space Of Human Feedback: A Conceptual Framework
Y. Metz, D. Lindner, R. Baur, M. El-Assady, (2024), ArXiv



Collecting Diverse Human Feedback

Episode 21 o}

Comparative
Feedback

|
i te
Demonstrative Feedback
:: Episode 102 N
L] i k d
. Episode 211 e el < . — W
toggle undo
>
Episode 223 E Y! Corrective Feedback

RLHF-Blender: A Configurable Interactive Interface for Learning from Diverse Human Feedback
Y. Metz, D. Lindner, R. Baur, D. Keim, M. El-Assady, Learning from Implicit Feedback WS at ICML2023



Learning from Diverse Human Feedback

Feedback Types

Evaluative

{Raﬁng

[Comparison

—

Instructive

[Demonstration

[Correction

Descriptive

[Descr‘\ption

[Descr'\ptive Pref.

S

VN N

Feedback Simulator
Feedback Type

Noise Amount

{ RL Environment

)

Feedback Dataset

Reward Model

Feedback Dataset

Reward Fusion

Reward Models

[Fusion Strategy vJ

Fused Reward Model

Individual Evaluation

Reward Model

— Noise 0.0
—— MNoise 0.1
—— Noise 0.25
— Noise 0.5
Noise 0.75

Reward Model Analysis

Reward Models

Ensemble Evaluation

Fused Reward Model

Ensemble
Uncertainty Ensemble
=== Average

Baseline (comparative)
—-— Baseline (descriptive)

Reward Learning from Multiple Feedback Types
Y. Metz, A. Geiszl, R. Baur, M. El-Assady, (2025), ICLR2025




Visualizing the Agents Behavior Space

o

Progression

VISITOR: Visual Interactive State Sequence Exploration for Reinforcement Learning
Y. Metz, E. Bykovets, L. Joos, D. Keim, M. El-Assady, Eurovis 2023




KL-Divergence
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Raphaél Baur, Yannick Metz, Maria Gkoulta, Mennatallah El-Assady, Giorgia Ramponi, Thomas Kleine Buening



Learning Reward Functions from Multiple
Feedback Types with Amortized Variational Inference

Ground Truth Demonstrations Preferences Ratings Stops Combined
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Low Certainty o D D High Certainty Low Reward e Wl High Reward

Raphaél Baur, Yannick Metz, Maria Gkoulta, Mennatallah El-Assady, Giorgia Ramponi, Thomas Kleine Buening



Accompaniment

Capturing the Sweet Spot

When is the right time to interact? How do we balance agency?

©,



When is the right moment to interact?

Too Early Sweet Spot

Collaborative Flow
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Which Guidance Strategies would Humans Perform?

Study Goals:
1. Capture guidance interaction dynamics and strategies.
2.Investigate the effects of varying guidance quality.

Study Session A — Wizard 1 Study Session C — Wizard 2

Nﬁ Task Set W2

All participants always

) stay in the call with their N
Task Set W1 N - Interviews and respective study leader Interviews and 4 N . afln
EEEE |0 n N n - Observation Observation - I
— 7 o via Video Call via Video Call S y A
Leader 1 Instant Messaging to Leader 3 :
Interface : : synchronize all sessions b # id Interface
Synchronizafion Observation & Guidance phusan s Eaders Observation & Guidance |\ ion
Task Set W1 J < ; » L Task Set W2
.ﬁev_'. N |—) Interviews and ‘ | Interviews and N as.e s
- niin n | Observation Observation [ al nlln n
Task Set W2 e € via Video Call Users switch wizards via Video Call € XX Task Set W1
ExE L TRt after the first task set Leader 4 VAR | BY |
Study Session B — User 1 Study Session D — User 2

F. Sperrle, M. El-Assady, A. Arleo, D. Ceneda
A Wizard of Oz Study of Guidance Strategies and Dynamics
IEEE Transactions on Visualization and Computer Graphics, 2024
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Difficulty: 2/5 W: “So they should highlight these two, and remove them” Task 1

Guidance: 4/5 - “as far as | can see, they have removed them”

W- “And then. . we W: “Yeah, it seems
that they have

wait and see what .
the user does!” accepted lhﬂf-

Wizard provides iterative
guidance, waiting for the user
to accept previous suggestion

j|||||+~1|j||~~-x,g| Ny " T
v v ":/«' v

Wizard

N v v
- U: “I thought User switches to scatter User thinks they are done with  U: “Ah yeah, it's
g { about doing this” plot: “ah yeah of course, the fask. Suggestion arrives:  guiding me to what |
) . it's two dimensions” “aaah, | should go through just did, right?” . “The guidance
Difficulty: 3/5 the months!”, was, of course,
L Guidance: 4/5 User does not interact with the very good!”

suggestion itself yet

Legend: Scatter Plot (A) Time Slider (B) Line Chart (C) World Map (D) City List (E) Task List (F)

ETHzirich >
ETH:zirich o human-ai.io ‘.‘ﬁ lVIA ? Ia b ‘

ETH Al CENTER



User Types

Verifying User Waiting for Guidance
v v vV v Vv
- Cautious of potential problems, spend a - Intentionally pause their analysis to wait
lot of time checking the correctness f id ti
- Benefit from suggestion justifications Or guidance suggestions

- Depend on the suggestion

Ignoring User
Nimli!—lni\le!'m TR W | [
e ke ' B

- Feel that they do not need the suggestions and can complete the task independently
- Some of them were ,,converted” by consistent wizards that kept making suggestions

o= °
E'"ZUH.Ch ohuman_ai_io ‘.‘IVIAelab

ETH Al CENTER



Wizard Types

Non-Adaptive Wizards Adaptive and Supporting

L N_ I IRTT. \!V\/(QII/I‘{{/ 'y

- Fast succession of suggestions, independent of Wizards actively monitored user progress
user context Guidance suggestions only when users needed them

- Typically appreciated: no wait times for users Adjust suggestion content to user reaction

Passive Guides Adaptive and Correcting
T N e
% Ix % 'x 'x 'x

- Reduce or stop the suggestions after negative user Wizards actively monitored user progress
feedback to avoid frustration Wizards try to convince users of a
- Effectively no more guidance different analysis path

ETHzirich >
ETH:zirich o human-ai.io % lVIA ? Ia b ‘

ETH Al CENTER



Lotse: Strategy-Based Guidance Model

[ Analysis Goal ]

: . 1
Relevance

(et S I N _ Feedback .
| [ ) // : T .

. Ve &
| Guidance Strategy Guidance Action Guidance W ! Preview

— _ ) Orchestrator L1 - ’
7| | Applicability | | Adaptation % | Interaction Suggestion Meta I ) T .
: Filtering Strategy Hooks ) Generation Strategy : R Guidance
| . : _Suggestion | £
: 1

]

Guidance Engine

_________________

Implementation-centred model of guidance

https ://github.com/lotse-guidance

Sperrle, Fabian, Davide Ceneda, and Mennatallah El-Assady

Lotse: A practical framework for guidance in visual analytics
IEEE Transactions on Visualization and Computer Graphics 29.1 (2022): 1124-1134.

ﬂ https://pypi.org/project/Lotse/

Integration examples for d3, vega, angular, react



VACP Q Search Ctrl K Overview  Guide v  Examples  Reference v
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Visual Analytics
Context Protocol

A small in-app contract for state snapshots and
semantic actions in visual analytics.

i
https://vacp.dev/

f, Agent(s)
=
<brush(line chart)>
Capabilities : p |
.
S /
>

e,

Application State _ | : e

S | m@q | ‘ =

declarative
grammar
semantics
declarative
grammar
semantics
declarative
grammar
semantics

e NV

Application


https://vacp.dev/

Grounding the Process

!



Do We Have the Knowledge We Need?

Rethinking Human-Al Decision-Making in Corporations

ANNE MARX, Department of Computer Science & ETH AI Center, ETH Zurich, Switzerland

RICARDO MAIA AVELINO, Department of Computer Science & Architecture, ETH Zurich, Switzerland

TORBJORN NETLAND, Department of Management, Technology, and Economics, ETH Zurich, Switzerland
MENNATALLAH EL-ASSADY, Department of Computer Science, ETH Zurich, Switzerland

Grounding

Descriptive
Knowledge

Historical
Knowledge

Semantic
Knowledge

h r - - 7
Prescriptive
Knowledge

-

infoims Procedural

[—) Knowledge

informs Normative
Knowledge

Problem
Task routinedp- <{non-routine
Goal measurable€ {abstract
Sl bounded - {unbounded
Space
:1;3:1::; forgiving @ Ounforgiving

)
>

Orchestrator

Agency

System Agency: System can
act independently from users.

Mixed Agency: System
collaborates with the user.

User Agency: System assists
the user.



ETHzurich

Pragmatic Repair in Conversations

read the paper

Principle of Least
Collaborative Effort

Humans aim to minimize the conversational effort by

* Initially using vague statements.
 lteratively asking for clarification to disambiguate
meaning, prioritizing most uncertain points.

Chan, Sevastjanova, El-Assady, PleaSQLarify: Visual Pragmatic https://sql-ambiguity.ivia.ch/
Repair for Natural Language Database Querying. CHI’26 Best Paper.
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Automated Pragmatic Repair

read the paper

What was the review of the drama film?

1. Generate @

Interpretations LLM

SELECT Opinion SELECT Opinion
FROM Film FROM Film
WHERE Genre = 'Drama’ WHERE Genre LIKE '%Drama’

SELECT F.Opinion SELECT Title, Opinion
FROM Film F FROM Film
WHERE F.Genre = 'Drama’ WHERE Genre = 'Drama’

SELECT Title, Opinion ?:;:C:i;m
N WHERE Genre = 'Drama’
Chan, Sevastjanova, El-Assady, PleaSQLarify: Visual Pragmatic https://sql-ambiguity.ivia.ch/

Repair for Natural Language Database Querying. CHI’26 Best Paper.
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Automated Pragmatic Repair

read the paper

What was the review of the drama film?

1. Generate @

Interpretations LLM

.EIE'%

SELECT Opinion SELECT Opinion
FROM Film FROM Film
WHERE Genre = 'Drama'’ WHERE Genre LIKE '%Drama'
s

SELECT F.Opinion SELECT Title, Opinion N —
FROM Film F FROM Film
WHERE F.Genre = 'Drama'’ WHERE Genre = 'Drama’

2. Cluster

. . SELECT =*
ﬁg;ﬁclg;ﬂe' Opinion ooy Film @ Outputs
WHERE Genre = 'Drama’ L
Chan, Sevastjanova, El-Assady, PleaSQLarify: Visual Pragmatic https://sql-ambiguity.ivia.ch/

Repair for Natural Language Database Querying. CHI’26 Best Paper.
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Automated Pragmatic Repair

read the paper

What was the review of the drama film?

1. Generate @

Interpretations LLM

SELECT Opinion SELECT Opinion
FROM Film FROM Film
WHERE Genre = 'Drama'’ WHERE Genre LIKE '%Drama'

SELECT F.Opinion SELECT Title, Opinion
FROM Film F FROM Film
WHERE F.Genre = 'Drama’ WHERE Genre = 'Drama’

: 2. Cluster
SELECT Title, Opinion ﬁg;ﬁclﬁm @ Outputs
FROM Film WHERE Genre = ‘Drama’ L-.JJ

. Action Space
Chan, Sevastjanova, El-Assady, PleaSQLarify: Visual Pragmatic https://sql-ambiguity.ivia.ch/

Repair for Natural Language Database Querying. CHI’26 Best Paper.
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Automated Pragmatic Repair

read the paper

What was the review of the drama film?

1. Generate @

Interpretations LLM

SELECT Opinion SELECT Opinion
FROM Film FROM Film
WHERE Genre = 'Drama'’ WHERE Genre LIKE '%Drama'

SELECT F.Opinion SELECT Title, Opinion
FROM Film F FROM Film
WHERE F.Genre = 'Drama'’ WHERE Genre = 'Drama’

SELECT =*
FROM Film
WHERE Genre = 'Drama’

: 2. Cluster
SELECT Title, Opinion ﬁg;ﬁclﬁm @ Outputs
FROM Film WHERE Genre = ‘Drama’ L-.JJ
. Action Space .
Chan, Sevastjanova, El-Assady, PleaSQLarify: Visual Pragmatic https://sql-ambiguity.ivia.ch/

Repair for Natural Language Database Querying. CHI’26 Best Paper.
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Automated Pragmatic Repair

What was the review of the drama film?

1. Generate @

Interpretations LLM

SELECT Opinion SELECT Opinion
FROM Film FROM Film

WHERE Genre = 'Drama'’ WHERE Genre LIKE '%Drama'

SELECT F.Opinion SELECT Title, Opinion
FROM Film F FROM Film
WHERE F.Genre = 'Drama'’ WHERE Genre = 'Drama’

SELECT *
FROM Film
WHERE Genre = 'Drama’

SELECT Title, Opinion
FROM Film

Chan, Sevastjanova, El-Assady, PleaSQLarify: Visual Pragmatic

3. Extract Characteristic
Features

Decision Variable

- SELECT Opinion

Decision Variable

SELECT *

Decision Variable

2. Cluster _
SELECT Title
& Outputs SELECT Opinion
—

read the paper

https://sgl-ambiguity.ivia.ch/

Repair for Natural Language Database Querying. CHI’26 Best Paper.
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Automated Pragmatic Repair

What was the review of the drama film?

1. Generate @

Interpretations LLM

SELECT Opinion
FROM Film
WHERE Genre = 'Drama'’

SELECT F.Opinion
FROM Film F
WHERE F.Genre = 'Drama’

SELECT Title, Opinion
FROM Film

SELECT Opinion
FROM Film
WHERE Genre LIKE '%Drama'

SELECT Title, Opinion
FROM Film
WHERE Genre = 'Drama’

SELECT *
FROM Film
WHERE Genre = 'Drama’

3. Extract Characteristic
Features

Decision Variable

- SELECT Opinion

. SELECT *

Decision Variable

2. Cluster ,
SELECT Title
@ Outputs SELECT Opinion
—

Chan, Sevastjanova, El-Assady, PleaSQLarify: Visual Pragmatic
Repair for Natural Language Database Querying. CHI’26 Best Paper.

Decision Variable

read the paper

4., Rank Decision

Variables

SELECT Opinion

SELECT Title
SELECT Opinion

SELECT *

https://sgl-ambiguity.ivia.ch/
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Automated Pragmatic Repair

SELECT Opinion
FROM Film
WHERE Genre = 'Drama’

SELECT F.Opinion
FROM Film F

WHERE F.Genre = 'Drama’

SELECT Title, Opinion
FROM Film

SELECT Opinion
FROM Film

WHERE Genre LIKE '%Drama’

SELECT Title, Opinion
FROM Film

WHERE Genre = 'Drama’
SELECT #*
FROM Film
WHERE Genre = 'Drama'’

3. Extract Characteristic

Features

Decision Variable

SELECT *

Decision Variable

2. Cluster _
SELECT Title
&@p Outputs SELECT Opinion
—

Chan, Sevastjanova, El-Assady, PleaSQLarify: Visual Pragmatic
Repair for Natural Language Database Querying. CHI’26 Best Paper.

--------------------------------------------------------------
. .

.....
o o,

4. Rank Decision

Variables
! SELECT Opinion User Feedback :
Decision Variable :
i SELECT Title SELECT Opinion?

i SELECT Opinion

-- ) Decision Variable i - m
E SELECT *

®, e
. 03
"""""

------------------------------------------------------------

https://sgl-ambiguity.ivia.ch/


https://sql-ambiguity.ivia.ch/
https://sql-ambiguity.ivia.ch/
https://sql-ambiguity.ivia.ch/

ETHzurich

Automated Pragmatic Repair

read the paper

4. Rank Decision

Variables
SELECT Opinion User Feedback
Decision Variable
SELECT Title SELECT Opinion?

SELECT Opinion

v I o |
SELECT *
o

Decision Variable

SELECT *

SELECT Title, Opinion
FROM Film

WHERE Genre = 'Drama’ Decision Variable )
SELECT * SELECT Title 5. Filer
SELECT Title, Opinion oo”C .o SELECT Opinion Candidates
i) made WHERE Genre = 'Drama’
Chan, Sevastjanova, El-Assady, PleaSQLarify: Visual Pragmatic https://sql-ambiguity.ivia.ch/

Repair for Natural Language Database Querying. CHI’26 Best Paper.
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Automated Pragmatic Repair

read the paper

Decision Variable

- SELECT =*
][]
_—-___-_—-__'_"'—-—-_
.
Il
ENEE N

SELECT Title, Opinion
FROM Film
WHERE Genre

Drama Decision Variable

SELECT Cluster Outputs SELEET Tl

SELECT Title, Opinion . C ) SELECT Opinion
. FROM Film
o] Al WHERE Genre = 'Drama’ a
Chan, Sevastjanova, El-Assady, PleaSQLarify: Visual Pragmatic https://sql-ambiguity.ivia.ch/

Repair for Natural Language Database Querying. CHI’26 Best Paper.
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Automated Pragmatic Repair

Decision Variable

- SELECT =*
][]
_—-___-_—-__'_"'—-—-_
.
Il
ENEE N

SELECT Title, Opinion
FROM Film
WHERE Genre

Drama Decision Variable

Cluster Outputs SELEET Tl

SELECT *
SELECT Opinion

FROM Film
WHERE Genre = 'Drama’

SELECT Title, Opinion
FROM Film

((

Chan, Sevastjanova, El-Assady, PleaSQLarify: Visual Pragmatic
Repair for Natural Language Database Querying. CHI’26 Best Paper.

read the paper

iterate until only one

candidate is left

https://sql-ambiguity.ivia.ch/
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Automated Pragmatic Repair

read the paper

SELECT Title, Opinion
"FROM Film
WHERE Genre = ‘Drama’

[ ] .
. iterate until only one
candidate is left
SELECT Title, Opinion
FROM Film
WHERE Genre = 'Drama’
Chan, Sevastjanova, El-Assady, PleaSQLarify: Visual Pragmatic https://sql-ambiguity.ivia.ch/

Repair for Natural Language Database Querying. CHI’26 Best Paper.
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Automated Pragmatic Repair

read the paper

Action Space
Understand Diverse
Interpretations

Action Space

Y/

%?e

Chan, Sevastjanova, El-Assady, PleaSQLarify: Visual Pragmatic https://sql-ambiguity.ivia.ch/
Repair for Natural Language Database Querying. CHI’26 Best Paper.
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Automated Pragmatic Repair

read the paper

Action Space Decision Space
Understand Diverse Compare Decision Variables
Interpretations Provide Model Feedback
Action Space Decision Space
Decision Variables:
B rsicncerevicns
G e

Chan, Sevastjanova, El-Assady, PleaSQLarify: Visual Pragmatic https://sql-ambiguity.ivia.ch/
Repair for Natural Language Database Querying. CHI’26 Best Paper.
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Automated Pragmatic Repair

read the paper

Action Space Decision Space Predicted Query
Understand Diverse Compare Decision Variables Keep Track of
Interpretations Provide Model Feedback Remaining Uncertainty
Action Space Decision Space Predicted Query
Decision Variables: [ SELECT QUIFECY -.]
»{_- (e e )
= - 0 @@ |
ample query of the cluste
B i | B oo 0 @ |
- [ Film.Title B e ]
JOIN Film
B riv. 10 = Reviews.FilnId ["" m.]
. = WHERE Film.Genre = 'Drama’ [ e -.]
-. [m Rev determined ]
[ c— — e . |
Chan, Sevastjanova, El-Assady, PleaSQLarify: Visual Pragmatic https://sql-ambiguity.ivia.ch/

Repair for Natural Language Database Querying. CHI’26 Best Paper.


https://sql-ambiguity.ivia.ch/
https://sql-ambiguity.ivia.ch/
https://sql-ambiguity.ivia.ch/

foryouandyourcustomers EVOLVE ' Session 1 ?|

Show Entity Labels: (D) 'j
Enable Debug Mode: () )21
Y

Confidence Threshold: ===}
Recording inactive

Unclassified

foryouandyourcustomers and IVIA Lab ©2024




Low-Level Contextual Instrumentation =

Inspection (Model Explainability)
Probing internal states and latent spaces to understand the "why" behind Al logic.

Steering (Human Feedback)
Pruning wild model growth through semantic interactions and feedback canvases.

Accompaniment (Interaction Timing)
Capturing the sweet spot of interaction timing via adaptive guidance mechanismes.

Grounding (Knowledge Externalization)
Externalizing tacit knowledge into explicit, auditable insight ledgers.

(4?3 v
- ':.7,)/?@9/
4 =" /




Low-Level Contextual Instrumentation

Latent space ﬁttention
unreliabillity probe ?atmap
oupe

Inspection

(Model

surgical-grade

plainability)

Tiny

scalpels

Multiffected

loupes

Accompaniment

(Interaction Timing)

| Speculative future

trajecteries

N

Synchronized
— navigation

i compass
Steenng Semantic slider : ! SONTN e
(Human Feedback) ™ agjustment = R [ :
- | - Groundin
: A =) ‘A (Knowledge Externgization)
Lock-and-pivot : ¢ g
canvas boundary , ? ; /
' Wk ~ 3 e
% ! § =
Semantic slider . @ : =/
adjustment : @ @ @ /
= T @ - /i
. ' /51 NEem= / ; .
< || | =5 VisinReport
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tanical 3 l & A - Lo insight
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|= ' = =
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— = °‘ 3O Tacit to explicit Tacit to explicit

externalization ledger externalization ledger .#.



Human-Al
Middleware

https://human-ai.io/
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https://human-ai.io/

The IVIA Middleware streamlines the rapid
development of interactive Al and data
processing workflows. In the following, we will
explore its architecture and explain how it
helps researchers, developers, and end users

to build and configure workflows.
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QUALITY
AND DEPTH

Productive Friction :

)
> ) DELIBERATE,
2= ™ sHAPED
EFFORT

RN

NORK
4
\ Our goal is not full automation, because full speed

\ in the wrong direction is just a faster way to fail.




..l' ’ re ’. vy . -,." e ,.,
4ol Lo e TR Lt . PR . ’
How do we set the right constra

for the Al’s productivity?
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Constrained Co-Creation

Playing in the B-oundednS-andboX
', .




% BONSAI Architecture ~ Workspace ~ Al Agents  Use Cases  Gallery

THE WORKSPACE

Plan - Design - Monitor - Review

A mixed-initiative loop: humans set goals and policies; the orchestrator decomposes work and

https://bonsai.ivia.ch/

delegates to specialized units.

Plan Design Monitor Review
Goals, constraints, brainstorming Service registry, typed pipeline Agent map plus provenance with Merge-gated progress, live
with feasibility signals, issue editor, application view—new semantic zoom—every handoff is preview, and issues filed straight
board, and configured ADUs. services become nodes without observable. from the running prototype.
downtime.
Iterate ‘-----Logs-nn.
PLAN DESIGN MONITOR REVIEW .
— e Fa e e e S :
= o) TR T TR OVERT TR o S W T :
Pipeline Editor Al Agent Chat Parameters Dashboard T

(osen d — s R A
= 'Q o ? . 1 S

= !“"l<i>’fil | p—Y =

Modularity and Reuse Architecture Guardrails Collaborative Development Efficient Validation End-User-Facing
with Augmented Planning using Interface Contracts and Provenance Tracking and Agentic Evaluation Application

96l |

Plan - Design - Monitor - Review


https://bonsai.ivia.ch/

<& BONSAI

A Plan Ready

Define goals, configure Al
Development Units, and set
architectural guardrails for your
Visual Analytics application.

IIO

% Design

Co-develop across all four
architecture layers — from data
services and orchestration pipelines
to interactive visual interfaces.

Ideas

J\r Monitor

Track provenance, observe human-
Al agency handoffs, and maintain
supervisory control over the
evolving VA system.

| ® Connected

WORKSPACE
® Semantic Color Mapping

[_] Review

Validate the co-developed VA
application, audit agent
contributions, and iterate from visual
analysis back to design.

Scope and brainstorm Visual Analytics application concepts with Al before committing

to architecture.



Call for Action]
designing low-level
contextual instruments

Let’s study human co-creation
to eliminate human-Al misalignment
and establish human-Al collaboration!
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|Call for Action]
designing low-level
contextual instruments

Let’s study human co-creation
to eliminate human-Al misalighment
and establish human-Al collaboration!




|Call for Action]
designing low-level
contextual instruments

Let’s study human co-creation Ed)\:
to eliminate human-Al misalignment
and establish human-Al collaboration!
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Human-Al Teams can solve
more chaIIengmg_probIems\
‘than each by themselvesI

Visualization

aaaaaaaaaaaa IVI A Explainability
Hum
“* Agent(s) Interactive
Interfaces
\ \ Guidance ~ Feedback
Research Areas IVIA Middleware l
| |
=] [m]
.. .
.1 Dec[::zl: nnnnnn @
nnnnnnn
Insights
\E Knowledg
J formation
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