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Convert the following 
Python code to C++.

Can you solve this 
math equation for me?

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

should be 

Dynamic, Modular and Adaptive

Perspective
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Where we stand now:



Q1

How to characterize the 

space of possible modules 

and their interactions? 
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How can the system adapt to 

diverse user queries 

and evolving modules?

How to 

automate and optimize 

interactions between diverse 

components?

Q2 Q3

Framework Instantiation
A graph-based framework 

for adaptive orchestration via Reinforcement Learning

Adaptive Question Answering (AQA)
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Q1 How to characterize the space of possible modules and their interactions? 
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Q1 How to characterize the space of possible modules and their interactions? 



Encoding semantics, 

syntactic, complexity, 

thematic and topical info.

#1 Representation 

(embedding) of the user input

Query context features

User input’s text
Preferences, historical 

patterns, typical complexity, 

frequently used resources, 

location, …

Interaction patterns, facial 

expressions, eye movements
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#2 User Profile Features

#3 Implicit Behavior Signals

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

Objectives of the pipeline construction

Ground-truth labelsImplicit/Explicit 

indications of satisfaction

#1 User behavior 

and feedback #2 Supervised Examples

Distillation or

Confidence scores/UE 

elicited from the agents

#3 Self-supervised 

Objectives

e.g. Latency; how long 

the user awaits an 

answer

#4 Cost Considerations



Methodologies for pipeline construction

a) Constructing pipeline graphs on-the-fly based on contextual features, and 

b) Learning what pipelines work best for which queries 

• Scenarios where 

effectiveness and 

efficiency of pipelines can 

be accurately estimated. 

• Pipeline construction = 

Search over possible 

graphs

A*, beam search, Monte Carlo 

tree search

Classical Planning Algorithms

• Pipeline construction is 

formulated as an MDP

• State = Partial pipeline +     

Contextual features

• Action = Adding a node/edge

• Reward = Pre-defined 

objectives

REINFORCE, Q-Learning, Actor-

Critic

General Reinforcement Learning

• Scenarios with limited 

number of possible graphs, 
and immediate independent 

rewards

LinUCB, Thompson Sampling

Contextual Bandit Algorithms
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Q3 How to automate and optimize interactions between diverse components?



Instantiation:
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Adaptive Question Answering 

via Contextual Multi-Armed Bandits

(AQA)

Instantiation



1. Compute (for all possible graphs):

𝑈𝐶𝐵 ← 𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑 𝑅𝑒𝑤𝑎𝑟𝑑 + (𝐸𝑥𝑝𝑙𝑜𝑟𝑎𝑡𝑖𝑜𝑛 𝑃𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟 ×  𝑈𝑛𝑐𝑒𝑟𝑡𝑎𝑖𝑛𝑡𝑦)
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Training LinUCB

The graph with the highest UCB

2. Choose & Execute

How good the graph has 
been in similar context 

before

Have we tried the graph 
enough before to be sure of 

its performance?

3. Observe Reward (& update parameters)

𝑟𝑡 ← 𝛽 ∙ 𝑃𝑡  − 𝛾 ∙ 𝑇𝑡

Performance of the 
executed graph 

(F1-Score)

Execution Time 
cost of the graph

𝒙𝒕 = [𝒙𝒕𝟏, 𝒙𝒕𝟐, … , 𝒙𝒕𝒅]

Question Features 
(Context)

All Possible Graph 
Configs 

(Action Space)

Upon Training, Parameters 
Converge so that: 

The Upper Bounds of the 
Best Answering Strategies 

Are Higher

Final Goal
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Are Higher
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Time-Based  

Reward

Upon Training, Parameters 

Converge so that: 

The Upper Bounds of the 

Best Answering Strategies 

Are Higher

Final Goal

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

𝑟𝑡 ← 𝛽 ∙ 𝑃𝑡

𝑟𝑡 ←
𝛽 ∙ 𝑃𝑡  − 𝛾 ∙ 𝑇𝑡
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Easy Questions Moderate Questions Complex Questions



AQA vs 

Edge probabilities distribution among NoR, OneR, IRCoT, 

and FinalDecision nodes before (left) and after (right) 

optimization using GPTSwarm.

Converged towards higher 

probability for the most 

sophisticated Agent

AQA (NT: Time-agnostic reward, T: Time-based reward)  vs GPTSwarm*.

Evaluated on the test set by F1-score and time (log-transformed, 

in ms). 

* For GPTSwarm, the final optimized graph configuration is used for evaluation.

1. AQA outperforms 

GPTSwarm in overall score

2. AQA learns to balance 

accuracy and time efficiency

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



Thank you for listening!

Questions

?

Adaptive Orchestration of Modular Generative 

Information Access Systems

Mohanna Hoveyda, Harrie Oosterhuis, Arjen P. de Vries, 
Maarten de Rijke, Faegheh Hasibi

Designs of the future GenIA Systems should be;

Composed of heterogenous modules; agents, models and toolsModular

Adaptive

Dynamic

To user input requirement to self-organize its architecture on-the-fly

During execution, to adapt to intermediate outcomes
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