CS 329X: Human Centered LLMs
Enabling Human-Al Interaction

Diyl Yang



Announcements

* Homework 1 Due on Wednesday October 16, 11:59 PM PT

 Remember to use your late days if you need some extra time!

* Feedback for Project Proposal will be released later this week

* Last call for Survey Report signup (due this Friday, 10/18)



Outline

* Ways to Enable Human-Al Interaction (30 mins)
* Human-Al Interaction Case Studies (20 mins)

* Small-Group Discussion (20 mins)

Learning Objective: understand different types of human-Al interaction, agents,
and other approaches to enable human-Al interaction



Outline

 Ways to Enable Human-Al Interaction
* Different types of human-LLM interaction

* LLM-empowered agents



Guiding Factors behind Human-LLM Interaction

e Who: the participated roles, e.g., who is involved and the tasks they
perform within the interaction flow.

e What: the objectives of human engagement and the advanced capabilities
LLMs gain through augmentation.

e When: the phases at which LLM capabilities manifest during the
interaction flow.

e How: the underlying mechanisms and methods of these interactions.

Gao, Jie, Simret Araya Gebreegziabher, Kenny Tsu Wei Choo, Toby Jia-Jun Li, Simon Tangi Perrault, and Thomas W. Malone. "A Taxonomy for Human-LLM
Interaction Modes: An Initial Exploration.” In Extended Abstracts of the CHI Conference on Human Factors in Computing Systems, pp. 1-11. 2024.



Key Phases of Human-LLM Interaction

(1) Planning (before an interaction): strategizing the entire interaction beyond
basic conversational exchanges.

(2) Facilitating (during an interaction): assisting users in formulating o completing
their interaction proposals, such as text completion.

(3) Iterating (refining an established interaction): iterating over the existing
prompts or the outputs through different affordances.

(4) Testing (testing a defined interaction): generate and evaluate diverse responses
to variations of user-designed prompts.



Different Modes of Human-LLM Interaction

e Mode 1: Standard Prompting

e Mode 2: User Interface
e Mode 3: Context-based

e Mode 4: Agent Facilitator



Mode 1: Standard Prompting

Users interact with LLMs What: A Gives effective instuctions to LLM
Human and judges results

through t?Xt_based . Understanding, generating text, in

conversational prom ptlng .m order to perform users’ given tasks.

How: Question Answering, Flipped Interaction,
Decomposed Prompting, etc.

Example: Prompt Pattern Catalog (White et al. 2023)
Programmer’s Assistant (Ross et al. 2023)

ChatGPT, Claude, LLama 2, Gemini, etc.



ch Programmer's Assistant When you're happy with your solution, click here to submit! @

] I
Conversation with Socrates. o o

defaultdict ‘©’ Hello! My name is Socrates, your
programming assistant. What can I help E
you with today?

heapq

analyze(G, startingNode):

visited = )
parentsMap = {} How would I remove duplicates from a o F

list?
defaultdict(
nodeCosts [startingNode] = @ - ) .
heap.heappush(pg, (@, startingNode)) I think el would do somethlng hke% (
pq:
_, node = heap.heappop(pg)
visited.add(node) Can you tell me what this code is doing? o
adjNode, weight Glnode].items():
adjNode visited: o |_

newCost nodeCosts [node] + weight

node ts[adjNo > newCost: )
It seems to me that this code is using a

priority queue to find the shortest path

parentsMapladjNode] = node
nodeCosts [adjNode]l = newCost

heap.heappush(pg, (newCost, adjNode)) iromastamngnodetoall other nodes in

agraph.

Is this a well-known algorithm? o

&
Is it efficient? o

¢}

parentsMap, nodeCosts

Ok, that's great. Thanks!

Write your message here n

Ross, Steven |, Fernando Martinez, Stephanie Houde, Michael Muller, and Justin D. Weisz. "The programmer’s assistant: Conversational interaction with a large language model for software development.” In Proceedings
of the 28th International Conference on Intelligent User Interfaces, pp.491-514. 2023.a



Mode 2: User Interface

Users interact with LLMs
by inputting structured
brompts through an
Interface

Who:

A+ G+ E

Human LLM Ul for input

Create consistent and structured
input prompts

Human

@ Generate results for structured
LLm  prompts

Using interface design to structure the
input of zero-shot, few-shot examples, etc.

Example:

Chocie Over Control (Dang et al.2023)
PromptMaker (Jiang et al.2022)
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Write your prompt
New to prompt writing? Check out some tips.

S Use template Insert variable [[ 1]

The french translation of [[word]] is

Prefixes English: @

Settings User input (required)
e.g. word in english

Examples  How are you?

Goodbye

Add example

Prompt string

how are you?
French: Comment allez-vous?

English: Goodbye

French: e o
Qutput /

Comment allez-vous? @

Au revoir

Automatically add spaces

French: Au revoir

Test example 1 [  Add test example

English
hello

D Format output I:] Show webview

B2 9 0.1

Responses

Bonjour
@ o
bonjour
= o
Salut

Jiang, Ellen, Kristen Olson, Edwin Toh, Alejandra Molina, Aaron Donsbach, Michael Terry, and Carrie J. Cai. "Promptmaker: Prompt-based prototyping with large language models." In CHI
Conference on Human Factors in Computing Systems Extended Abstracts, pp. 1-8. 2022.
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Mode 2: User Interface

Users interact with LLMs
through text prompts,
requesting LLMs to return
outcomes via an interface

Who:

A+G+ E

Human LLM Ul for output

Example:

& Have more affordances of control
Human 1o modify LLM generated results

@ Generate LLMs' results with more
um  complexity, structures, layers

Designing an interface to show more affordances
of controls through different forms Ul designs

GenLine (Jiang et al. 2022)
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CodeGen GenMacro Library GenForms Code Editor

O Hit ctrl + enter to run the “Generate HTML code (general)” prompt

& yrld=/hl=

make a blue button with white text that says
Submit with no border that's 3@8px tall with 2px rounded
corners]] @

hitml

E Run (Ctrl+enter)

<button style='background-color: blue;
color: white; border: @px; height: 38px;
width: 188px; border-radius:
2px; " =Submit

(+ee] B show diffs

Accept (Ctrl +7)

Jiang, Ellen, Edwin Toh, Alejandra Molina, Aaron Donsbach, Carrie J. Cai, and Michael Terry. "Genline and genform: Two tools for interacting with generative language modelsin a code
editor." In Adjunct Proceedings of the 34th Annual ACM Symposium on User Interface Software and Technology, pp. 145-147. 2021.
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Mode 3: Context-based

Users interact with LLM

through explicitly defined
contextual information

= 2o c—

Example:

A+ G+ oo

Human LLM Explicit Context

—— S S S S S IS LSS s 0 a0 e

& Creating precise rules or commands
to define the context and steer
responses in targeted directions.

@ Generating response that align
LLm - with the specific context

Asking LLMs to perform tasks with specific
rules (e.q., coding with codebook in
qualitative coding)

Codebook-based prompting
(Xiao et al.2023)
AutoSurveyGPT (Xiao et al.2023)
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Add Papers to List (If not presented before)

Output

A

A Assign Relevance
Score By LLM

Add top-k paper
to reading list

-
>

Reading List Paper With

Pop Query” Execute Query on High Relevance Score

Input Scholarly Engine Skim Abstract

Extract New Keywords List and
Relevance Paper by
Reading Intro and Related Work

!/

—

-~ Keyword Extraction/ !
- = Generating Query List,

Idea Description/Paper Abstract Query List LLM

Add Queries to List (If not presented before)

AutoSurveyGPT Main Loop

Xiao, Chang. "AutoSurveyGPT: GPT-Enhanced Automated Literature Discovery." In Adjunct Proceedings of the 36th Annual ACM Symposium on User Interface Software and Technology, pp. 1-3. 2023. 1 5



Mode 3: Context-based

Users command LLM
implicitly, allowing it to
self-determine task
execution with minimal
guidance

A+© + o
Human LLM Implicit Context

& Directing interactions along specific paths
by implicit contextual instructions.

@ Identifying specific tasks from general
instructions and generating outcomes.

Prompting LLM with specific examples;
Asking LLM to perform tasks as a role

(role play)

Example-based prompting (Xiao et al.2023)
From Gap to Synergy (Chen et al. 2022)
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Mode 4: Agent Facilitator

Users interact with
others in team through
LLMs facilitation

Who:

-_— @ . o

Example:

— T ——T a— — e — e —— T —— —

Collaborating smoothly via
Human LLM agent.

@ Facilitating team collaboration

Employing an agent within a team to aid in
communication, information sharing and

coordination.

Chatbots Facilitating Consensus-Building
(Shin et al. 2022)
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Mode 4: Agent Facilitator

Users co

on
Wit
tas

 LM-
N the

laborate based
blanned tasks,

_LM allocating

ks suited to human

or machine capabilities

Who:

Example:

A+ +

Human LLM

Agent in team

R T — T — —— i —— T T — T —— T T —

;& Enhancing human-LLM team
performance with improved task
delegation through an agent.

@ Understanding team member
capabilities and appropriately
assigning tasks.

Enhancing the LLM agent's understanding
of human and Al team members' strengths

enables effective task delegation based on
their abilities.

Interaction of Thoughts (He et al. 2023)
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Different Use Cases of LLMs as Agent Facilitator
A

c Cognitive Language Agent

Q— -
= XL (= —
= — KOK0 — |[= — |
— OO ;_ZZ_,}O _ Memory Reasoning
o
| t
Input LLM Output Retrieval Learning
v I
B Language Agent =_ J
/ [: i Al _:] \ J
Observations Actions ,

Actions

Environment Environment

Sumers, Theodore R., Shunyu Yao, Karthik Narasimhan, and Thomas L. Griffiths.
"Cognitive architectures for language agents." arXiv preprint arXiv:2309.02427 (2023).
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Architecture Design of LLM Empowered Agents

Short-term memory

Long-term memory

Calendar ()

Calculator()

CodeInterpreter ()

4

Reflection

Search ()

...more

Tools |e—

Self-critics

A
Memﬂr}f """""" ===
T I
|
Y
Agent > Planning
Action

https://lilianweng.github.io/posts/2023-06-23-agent/

Chain of thoughts

Subgoal decomposition

20



LLM-based Autonomous Agents

S

160 | - i
~ | General Agent . SRy s o
o] : : ..-
o 140- E Tool Agent g | Pl
‘_; ! ) . ! e Reass / | Generative Agent 2023-4
£ 120- i Simulation Agent E = — |
o : Embodied Agent | [+ s w5 -
~ 100 - : : e e | Toolformer 2023-2 J
" : Game Agent : Webhop 20227 )
5 : : |
a 9711 Web Agent | ﬁ%r"
S | I
"'6 60 4 :\ Assistant Agent ,: ) i AnocrT 20253 & :
qh’ -; ) o 2023':;' ¥ AgentSims 2023-8 J
40 - '0 (1
— == ([Ewnags — | ./
E p—— HuggingGPT 2023-3 AT '%,L______ Tool
3 .5 2021-12 ) ?ﬂﬁﬁm e LL
Z AgentGP Tl EaEs=—" aMA '3
0 4 TALM 2022-5 AgentGPT 2023-4 J g RecAgent 2023-6 \_ ToolBench 2023-7 y
2022-1 2023-2 2023-4 2023-6 2023-8

Time ( Year-Month)

Wang, Lei, Chen Ma, Xueyang Feng, Zeyu Zhang, Hao Yang, Jingsen Zhang, Zhiyuan Chen et al."A survey on large language model based autonomous agents." Frontiers of Computer Science 18, no. 6 (2024): 1-26.
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Architecture Design of LLM Empowered Agents

4

=800 =

)

( Profile |

AT

Profile Contents

» Demographic Information
» Personality Information
» Social Information

Generation Strategy

» Handcrafting Method
» LLM-Generation Method
» Dataset Alignment Method

W

( Memory )

*S a®
a " . .’ﬂi\ﬂ.
.0

Memory Structure

» Unified Memory
» Hybrid Memory

Memory Formats
» Languages » Databases
» Embeddings » Lists
Memory Operation
» Memory Reading
» Memory Writing
» Memory Reflection

( Planning )

4PLA ,

Planning w/o Feedback

» Single-path Reasoning
» Multi-path Reasoning
» External Planner

Planning w/ Feedback

» Environment Feedback
» Human Feedback
» Model Feedback

.

( Action |

B =

Action Target

» TaskCompletion » Exploration
» Communication

Action Production
» Memory Recollection
» Plan Following
Action Space
» Tools » Self-Knowledge

Action Impact

» Environments » New Actions
» Internal States

J

Wang, Lei, Chen Ma, Xueyang Feng, Zeyu Zhang, Hao Yang, Jingsen Zhang, Zhiyuan Chen et al."A survey on large language model based autonomous agents." Frontiers of Computer Science 18, no. 6 (2024): 1-26.
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Outline

v'"Ways to Enable Human-Al Interaction (30 mins)
v’ Different types of human-LLM interaction
v LLM-empowered agents
* Learning from human feedback ++
* Constitutional Maker
- Group preference optimization

 Demonstrated feedback

* Learning from user edits

23



Converting Feedback into Principles

MusicBot

Configure your Bot

Vit e SR BON & FABH aprT B BRRSORET Faiti
tvirmer, i well @1 corver natonakal You hive sefflen many
vy oo alurma by aeiinhs BOrous & varety of geeney

Petridis, Savvas, Ben Wedin, James Wexler, Aaron Donsbach, Mahima Pushkarna, Nitesh Goyal, Carrie J. Cai, and Michael Terry. "ConstitutionMaker:

Chat Interface B

- Tesst outt your chatbol balow.

b oA TARY ComvELATION

w MusicBot: Hi there! I'm MusicBot, a music expen and
seasonad music reviewer. | can halp you find new music to
listen to, lsarn about different genres. and find reviews of

albums by your favorite artists. How can | help you today?

& You: I'd ik b0 ladm mone about punk music.

Punk music is a genre of rock music that originated in
the United Kingdom in the 1970, It is charactsized by
its fast tempo, loud volume, and aggressive yrics. Punk
bands cften sing about social and political issues, and
they often wse thilr music 10 express their anger and
frustration. Some of the most famous punk bands
inclucie the Sex Pistols, the Clash, and the Ramones.

Would you like 1o learn mone about the history of punk
music, the different subgenres of punk. or some of the
Mgt irfiusntial plnk DandgsT

Kudw# Critique B | Rewrite # | Select +

Cool. | love punk music. We could talk about many
ditferant things, like influantial bands, ts cultural
infiuencs, and mone.

Hudos = Coitique Rarwrite # Select

Al T start of T COMAMEMGEoN, .’
infroadiucn yoursel! and what
WO Cilry haslp B e with

Whasn e unar aak about 8 .'
T i, SR M wihal

Response o give feedback on

 MusdcBon: Punic music s & geren of rck music that
origirated in the LUnited Kingaam in the 18708, it is
charsctorized by s Rt bempo, I0ud volLIms, and Sggressive
Iyrica. Punk bands ofen sing about social and poltical
Isees, and Fwry ofen uss thelr muSic 10 express thelr anger
and irustration. Some of S most famous punk Bands
nciude the Sex Petol. the Clash, and the Ramonss.

Wouid you e 10 kedm mond about e Risiony Of punk music,
e diflerant subgerees of punk, or soma of B mosi
nfluenlial punk Danes?

Kudos options. G
Wty W s reaporas B bes] aplion ¥

Thin eSO i 9o0d Detauis £ prowided & CONCiE Cwarvirw Of puri
sl NI B RS, ORGSO B PO BT D

Fhis iSO 5 Ooced Baiuns B e e e whal Py wonld e i

Py sG] g i aaen Al
50 Hrary can guide T
Carrration

Il PP B DA T Tl DOy B L T
= %

g

This MEpOnSS & QOO0 EACEUAS § B SRTIeN N 3 Cear BNG CONOIe
e, rking [ sdy for B Lk i ardeniting

it e L ey Ty, pemene ]

Critique options. G
Heow fouwid The resporns b mgrored T
Thiy meaponss & had becauns B does ral provics 3 comprehenae

Creatvrw OF Durll Musc. B Only rowided & Dried Sefinilion of the Qe
el o e O P P L P D,

That risigscrnne o b Beciune B Soi fel Srirvick sy svmgien of furk.
rroder Tres wouls b Peieiul for Usen wha ire URiarmille weh e Qerme

Thit: responss i hiad becauss & o ol provice Sy Ik 10 meource
WA LT S W T BCuT Puri Tk, THE would B Peipiul or

U WD Wil 0 e O DO T T

Tkt .t (v CFEal

Rewrite. e
Rirwriie tha spemi’ s resporas.

P T i g Of POC et Thal orgiradia i T Uirikesd Binpoom
ik TRT08. R i charactended by S5 B! Wi, ud volams, and
SpgrEEE et Pure banom ohen g Shout Bl B poitosl s,

Interactively Critiquing Large Language Models by Converting Feedback into Principles.” arXiv preprint arXiv:2310.15428 (2023).
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Converting Feedback into Principles

Steering LLMs via Interactive Critique

OQ EED

Sure, there are many
great punk bands, like The
Ramones and MinuteMen.

Updating the prompt
with principles

What would you like to learn
about punk music? The classics
or contemporary artists?

You are MusicBot a
seasoned music
reviewer and expert.

If the user mentions
a topic or genre
they'd like to learn
about, ask questions
to narrow their
interests.

N

25



“This helps users identify ways to improve the chatbot, formulate their intuitive responses
to the model into feedback, and convert this feedback into specific and clear

principles”
Bl ConstitutionMaker
[ Baseline
7
* *
6 .
§ *f
—
~ 4
e
£ 34
N
1 -
0
Effectively Diversity Ease Efficiency Mental
Guide Demand

26



Outline

v'"Ways to Enable Human-Al Interaction (30 mins)
v’ Different types of human-LLM interaction
v LLM-empowered agents

v'Learning from human feedback ++
v' Constitutional Maker
e Group preference optimization
* Demonstrated feedback

* Learning from user edits
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Preference Tuning: Group Preference Optimization

[Pmmpt q R
How satisfied are you with the way democracy is working in
your country?
A. Satisfied
B. Somewhat Satisfied Query Prompt
'\C' Not Satisfied ) and Response
'
v »
Response T mtl
R ﬂﬂ_ﬂ B. Somewhat Satisfied
A B C
Group Preference Datasets
a " ™, Group b [ y!' AN T
A B C “ A B C
A 7 b, % - [ GPO ]
r’yc D ‘\_\I Group d yd W
A B C A B C Y1l = (U,
'\_\ _JJ Dd \x JJ m—+1 m+1

Zhao, Siyan, John Dang, and Aditya Grover. "Group preference optimization: Few-shot alignment of large language models.” arXiv preprint arXiv:2310.11523 (2023). 78



Preference Tuning: Group Preference Optimization

Predicted preferences

[ Group Preference Optimization (GPO) J

OO O - ®e 0 ®O

______________ N e e e o— Yo e e e e o e N

Context points Padded target inputs

GPO architecture for a sequence of n points, with m context points and n - m target points.

The context serves as few-shot conditioning for GPO. GPO processes the full sequence using
a transformer and predicts the preference scores.
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Preference Tuning: Group Preference Optimization

-— s s o

______

_______

_______

______________

Padded target inputs

Z log po (¢ | 2511, U7.1m)

1=m-+1

_______
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Algorithm 1 Group Preference Optimization (GPO)

1: Input: LLM embeddding function memp; Preference datasets D, Vg € Girain.

2: Initialize GPO transformer with parameters 6.

3: For all g € Gy, cache embedded pairs (27, y]) in Dg,mb where 27 = Temp (g7, 77 ).

4: repeat

5: Sample training group ¢ € Giuin.

6: Sample context size m ~ Uniform|[1,n — 1| where n = |D,|.

7. Split D™ randomly into m context (z7,,,,%7.,,) and (n — m) target (T 1., Yms1:n)
pairs.

8:  Predict target preferences y7, _ .. using context (z{..,%7.,) and padded targets
(m?gn—l—l:n? 0) .

9: Update 6 to minimize in-context loss function L(#) in Eq. 2.

10: until convergence
11: Output: GPO transformer with learned parameters 6

31
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Preference Tuning: Group Preference Optimization
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