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Convertthe following
Python code to C++.

User
Request

:7 s: the closing \
stoSkpTiCe of Apple P -4
yesterday?

Seeking
@
- need to book the
cheapest flight from il
Amsterdam to Venice.
“. reate the Ghibli ,
version of my profile e e e e e — y

picture, please.
Creative
Assistance

Can you solve this
math equation for me?

ELI5 how Mirror Neurons
work in the brain?
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Designs of future GenlA Systems

should be
Dynamic, Modular and Adaptive
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Where we stand now:

ChatGPT 40
Models &

GPT-4o

Great for most tasks

03

Uses advanced reasoning

od-mini
Fastest at advanced reasoning

od-mini-high
Great at coding and visual reasoning

More models

GPT-4.5 | RESEARCH PREVIEW

Good for writing and exploring ideas

GPT-4.1

Great for quick coding and analysis

GPT-4.1-mini

Faster for everyday tasks

Ask anything

+

= Tools

(@ Create an image
&3 Search the web
¥ Write or code

% Run deep research

Ready when you are.




How to characterize the
space of possible modules
and their interactions?

How can the system adapt to
diverse user queries
and evolving modules?

Framework

A graph-based framework
for adaptive orchestration via Reinforcement Learning

Document
Collection

\ Aggrega- __y  System

tion

Knowledge
Graph

Query

User Input — T

Output

Retriever
#

How to

automate and optimize
interactions between diverse
components?

Instantiation

Adaptive Question Answering (AQA)

No
./' Retrieval

Query 2

7 e
What was the closing 2 . .
stock price of Apple ‘.'\- = ? SN Retrieve
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(0) | How to characterize the space of possible modules and their interactions?
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(0) | How to characterize the space of possible modules and their interactions?

I Knowledge Proprietary

Graph Collection
| Private
I Multimodal Collecti
ollection
Resources @ Corpus
I
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Document
Collection

#1 Solver

______ _I._________________________________________________
I Asking . CoT- )
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(0) | How to characterize the space of possible modules and their interactions?

Information Resources
(Properties: Structure / Modality / Accessibility)

Document
Collection

Knowledge
Graph

Tasks (Standalone and Complex)

Query

- Syst
Rewriting Aggrega p  System

User Input o
tion utput

IRCoT

Retriever
)

RELAYS
#1

Executors (Agents and Tools)

Graph-based representation of pipelines



Q2 How can the system adapt to diverse user queries and evolving modules?

#1 User behavior )
and feedback #2 Supervised Examples

Implicit/Explicit Ground-truth labels
indications of satisfaction

®

L

#1 Representation
(embedding) of the user input

Encoding semantics,
syntactic, complexity,
thematic and topical info.

#2 User Profile Features

A

Preferences, historical ’’ g e g 3 Self—.sup.erwsed #4 Cost Considerations
patterns, typical complexity. ! W Objectives
frequently used resources, \ e . Distillation or * " :
location, ... e.g. Latency; how long

Confidence scores/UE

iCi th r awaits an
elicited from the agents ¢ user awaits a

answer
( ) :“‘
#3 Implicit Behavior Signals LD '3-,'1 ) 9
glo:IE

Interaction patterns, facial
expressions, eye movements

Query context features Objectives of the pipeline construction 10
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(R How to automate and optimize interactions between diverse components?

a) Constructing pipeline graphs on-the-fly based on contextual features, and
b) Learning what pipelines work best for which queries

Classical Planning Algorithms General Reinforcement Learning Contextual Bandit Algorithms

* Scenarios where * Pipeline construction is *  Scenarios with limited
effectiveness and formulated as an MDP number of possible graphs,
efficiency of pipelines can and immediate independent
be accurately estimated. State = Partial pipeline + rewards

Contextual features

* Pipeline construction = * Action = Adding a node/edge
Search over possible * Reward = Pre-defined
graphs objectives

A*, beam search, Monte Carlo REINFORCE, Q-Learning, Actor- LinUCB, Thompson Sampling

tree search Critic

action

Agent Environment

N S

observation, reward

Methodologies for pipeline construction



Instantiation

-~ Adaptive Question Answering .
V1a Contextual Multi-Armed Bandlts

(AQA)
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Training LinUCB

Question Features
(Context)

1
1 1
. . : i
' UCB < Estimated Reward + (Exploration Parameter X Uncertainty)i
array([-9.5968882 , -©.33@86956, -0.32643065, -0.3670732 , ©.628859 , : ? ? :
-9.3692328 , -0.37902787, -0.12308089, -0.38124698, -9.03940517, = ——" " e e e e e e S e S S S S S S S S S S S S ————— - -
©.2260839 , ©.10852845, -0.2873811 , -0.42781743, ©.06604357,
-8.97114276, -©.29775023, -0.99628943, -0.54497653, -0.11718027, .
Sl S el s S How good the graph has Have we tried the graph 4
O.275TaRA, o ABAIERSS, 0.1738220, -a.4a2rEAdS, -o.3008087, been in similar context enough before to be sure of

©.47487524, ©.31950948, -0.1109335 , ©.2165357 , 0.034114

©.05689918, ©.20939653, ©.15209009, -0.24204595, ©.83478364, before its pe rformance? A ll POSSible Graph

©.1616051 , -©.5827333 , -0.47017908, ©.26226178, -0.11884775,
©.40180743, -0.5173988 , -0.192708e5, ©.660391 , -0.24518126,

.
-0.42860952, -©.22274768, ©.4887834 , 0.49302152, ©.38799986, Con fl s
-9.041193 , -0.38600504, -0.37632987, 0.04570564, ©.508462466,
-0.14396502, ©.33490512, -0.15964787, -0.213630872, -0.25445372,

©.52389127, ©.5747422 , -0.25075617, -0.5339069 , 0.2582965 , -
e e (Action Space)

-0.06189002, -0.54032195, -0.21863565, ©.06233869, ©.13287479,

©.49741864, ©.1772418 , ©.02064824, -0.04775626, -0.16804916,
©.4643644 , ©.5546319 , ©.68051434, ©0.7790246 , ©.5617202 ],
2. Choose & Execute
[ ]
---------------------------------

The graph with the highest UCB

Upon Training, Parameters
Converge so that:

i The Upper Bounds of the

m————

Best Answering Strategies
Are Higher

B |

3. Observe Reward (& update parameters)

1
]
! I
! I
1 . — .
: rneB-P—y-T; :
b e ———————————— T __________ T __________________________ H
Performance ofthe Execution Time
executed graph cost ofthe graph

(F1-Score)
13



Training LinUCB

[1,0,0] ifeasy
Xt =<[0,1,0] if moderate

i UCB < Estimated Reward + (Exploration Parameter X Uncertainty)I

2. Choose & Execute

m————

How goodthe graph has
been in similar context
before

Have we trie-J.the graph
enough before to be sure of
its performance?

The graph with the highest UCB

3. Observe Reward (& update parameters)

1
1
1
1
1
L

Performance ofthe
executedgraph
(F1-Score)

Execution Time
cost ofthe graph

NoR
OneR Final
Decision
IRCoT
Limited Graphs

Upon Training, Parameters
Converge so that:

i The Upper Bounds of the

Best Answering Strategies
Are Higher

B |
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e < B P

Expected Reward (Time-Agnostic)

0.8

0.6

0.4

0.2

0.0
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Easy Questions Moderate Questions Complex Questions
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500 1000 1500 2000 2500 3000 3500 0 500 1000 1500 2000 2500 3000 3500 0 500 1000 1500 2000 2500

LinUCB expected rewards. Dashed line depicts real reward for the optimal action.

3000

3500

—o— NOR

——0— ONER

—8— [RCOT

=B - NOR+ONER

=B - NOR+IRCOT

=B - ONER+IRCOT
NOR+ONER+IRCOT

Final Goal

Upon Training, Parameters
Converge so that:

i The Upper Bounds of the
\ Best Answering Strategies
] Are Higher
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AQA vs [ e

Converged towards higher 1.
probability for the most
sophisticated Agent

AQA outperforms
GPTSwarm in overall score
2. AQA learns to balance

accuracy and time efficiency

AQA (NT) AQA (T) GPTSwarm
Fl Time Fl Time Fl Time

Context A 1.0 6.18 1.0 6.18 0.862 12.78
Context B 0.568 12.04 0.539 8.73 0.327 12.79
Context C 0.523 11.75 0.523 11.75 0.317 12.76
Overall . 9.99 0.687 8.89 0.50 .

NoRAnswer — NoRAnswer — .

OneRAnswer OneRAnswer

IRCoTAnswer 0.1 IRCoTAnswer

AQA (NT: Time-agnostic reward, T: Time-based reward) vS GPTSwarm®*.
Edge probabilities distribution among NoR, OneR, IRCoT, Evaluated on the test set by El—score and time (log-transformed,
and FinalDecision nodes before (left) and after (right) n ms)
Optimization us lng GPTSwarm. * For GPTSwarm, the final optimized graph configuration is used for evaluation.

16
GPTSwarm: Language Agents as Optimizable Graphs (Zhuge et al., 2024)



Designs of the future GenlA Systems should be;

W05 EYTe Composed of heterogenous modules; agents, models and tools

S ETIAZEE To user input requirement to selfzorganize its architecture on-the-fly

7 EVTVE During execution, to adapt to intermediate outcomes

Adaptive Orchestration of Modular Generative
Information Access Systems

Mohanna Hove}yda, Harrie Qosterhuis, Arjen P. de Vries,
Maarten de Rijke, Faegheh Hasibi

‘Thank you for listening!

Questions
9
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