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DESCRIPTION: 
Large language models (LLMs) are commonly deployed as autonomous agents that call 
external tools, act on persistent memory, and coordinate through hierarchies in which an 
orchestrating agent dispatches subagents and consumes what they return as fact. These 
Multi-Agent Systems (MAS) are commonly used for multi-step tasks that a single LLM cannot 
perform, thus taking its place as the default deployment architecture. 
 
Most alignment research treats a single model's output as the unit of concern[1,2], leaving open 
what happens once an error or contested claim is written into shared memory and acted upon 
through a tool call with a real-world consequence. A fast-growing literature studies how 
unreliable claims propagate through multi-agent cascades and conformity effects[3-7], 
hierarchical decision-making[8,9], and symmetric opinion-dynamics networks[10]. However, little 
work models a hierarchical orchestrator that treats subagent output as fact, relates information 
propagation to downstream tool use, or accounts for the resulting safety violations, such as 
privacy leakage or unauthorised tool use[11,12]. This PhD topic studies how errors and 
contrasting claims propagate, compound, or resolve as they move through agents, memory, and 
tool-mediated actions, and how they can be detected, contained, or attributed. 
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RESEARCH OBJECTIVES AND APPROACH 
 

1.​ Analysis of Propagation of Mutually Exclusive Claims in Hierarchical 
Orchestrator-Subagent Systems. 

This direction models information flow over a hierarchical network of an orchestrating agent and 
the subagents it dispatches, rather than the symmetric peer networks studied in prior 
opinion-dynamics work[10]. Its novelty lies in treating propagated content as fact, not opinion: 
each subagent independently researches its claim, and claims are consumed by the 
orchestrator as ground truth rather than debated. This direction characterizes how mutually 
exclusive, independently-researched claims propagate and shape the orchestrator's 
downstream synthesis and decisions. 

2.​ Capability-Driven Influence and Injection-Point Sensitivity. 

A closely related question is whether subagents’ influence over the orchestrator’s eventual 
synthesis depends on the subagent's size rather than the correctness of its claim. This direction 
pairs subagents of different sizes on the same contested question and measures outcome as a 
function of which side holds the larger model, and separately, whether an orchestrator, while 
explicitly instructed to distrust upstream claims will resist this influence differently than one that 
is not. Additional conditions can be considered: one in which the orchestrator has access to the 
subagents’ identity and size, and one in which claims are presented blind, so that the 
orchestrator can only judge them by their content or argumentation. This contrast isolates 
influence coming from known model identity from influence carried by the claim itself. 

3.​ Memory- and Tool-Mediated Propagation in Long-Horizon Agentic Workflows. 

This direction studies propagation through a persistent, shared memory store across a long 
horizon, tool-using workflow (case intake, multi-step approval, record updates), in which an 
erroneous or contested claim written into memory by one step is read, unverified, by a later step 
or a different agent entirely, and acted on through a tool with a real consequence: an incorrect 
filing, or the exposure of another party’s data. It asks how propagation dynamics change once 
the channel is persistent memory rather than a bounded conversational exchange, and the 
endpoint is a tool call rather than a spoken claim. 

4.​ Distinguishing Benign Drift from Adversarial Injection, and Attribution. 

This direction studies benign, honest disagreement and deliberate, adversarial claim injection 
within the same hierarchical harness, using a red teaming pipeline that injects candidate claims 
into an agentic pipeline with real tools. It asks whether the two are distinguishable from the 
propagation pattern alone, and whether execution-provenance techniques [13] can attribute an 
incorrect action to the claim that produced it. 

 

 



REQUIREMENTS: 

●​ MSc degree in computer science, mathematics, AI, or related, 

●​ programming and implementation skills in Python, 

●​ experience with LLMs and understanding of Agentic Systems, 

●​ advanced level of English (spoken and written). 
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