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Spoiled for choice
in 2024
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How big are these LLMs?
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What is the Quality of LLMs?

Quality Index (higher is better)
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One LLM to Rule them All?

Feng et al. (2025): A single LLM is trained on a static snapshot of what is available,
there are always elements in the real-world language distributions that are missing.

A single LLM underrepresents real-world data distributions (languages, domains, styles).
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One LLM to Rule them All?

Feng et al. (2025): It is prohibitively expensive (if not impossible) to optimize for a single
model that outperforms all other models on all skills; no single LLM is Pareto-optimal.

A single LLM underrepresents skills (reasoning, communication, creative, technical).
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One LLM to Rule them All?

Feng et al. (2025): LLMs are ultimately used by people with diverse needs, pluralistic
values, and varying socio-cultural backgrounds. LLM users are not homogeneous.

A single LLM underrepresents people (opinions, values, cultural norms).
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A Real-life Example
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Single vs Multi-Agent Systems

Multi-agent systems have a shared persistent state, a mechanism for passing
context from one agent to another, enabling collaboration between the agents.
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Benefits of Multi-Agent Systems

Single-Agent

Independence: operates autonomously
without relying on other agents.

Simplicity: fewer components to inte-
grate, easier to design first version; but
struggles with new tasks and environ-
ments and may be hard to scale.

Learning from external data/feedback:
happens once to improve performance
over a wide range of tasks, limited by hu-
man supervision signals.

Multi-Agent

Collaboration: agents interact and col-
laborate to complete complex tasks.

Robustness: can handle diverse and
challenging environments; increased
reliability and tolerance due to dis-
tributed nature.

Learning based on interactions and
shared experiences: happens multi-
ple times with different task objectives;
scalable training
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Multi-Agent Systems Come in Many Flavors
Cooperative

Goal

Han et al. (2024); Tran et al. (2025); Guo et al. (2024)

Competitive

Goal
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Multi-Agent Systems Come in Many Flavors
Mixed

Goal

Goal

Hierarchical Orchestration
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Research Questions

� Which tasks are suited to multi-agent architectures?

� How are the agents specialized?

� How do they communicate, what is the shared persistent state?

� Are multi-agent systems more explainable?

We will use collaborative agents for writing tasks!
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Part I

Story Generation
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Fiction Writing Task: Tell Me a Story

Mirella Lapata (University of Edinburgh) Multi-LLM Collaboration Matters 15 / 38



Planning Agents: Elements of Narrative Technique
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Writing Agents: Freytag’s Pyramid

Exposition
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Agents’ Room: Central Orchestration of Task Specialists

Input

Output
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Agents’ Room: Central Orchestration of Task Specialists
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Agents’ Room: Central Orchestration of Task Specialists

s← x . Initialize the scratchpad
while o(s,A) == True and t < T do . While the orchestrator assigns a next

agent
at = o(s,A) . Select an agent given scratchpad
yt = at(s) . Obtain agent’s output
s← (s; (lt, yt)) . Update scratchpad
if type(at) == writing then . If the agent is a writing agent, write to the

final output
y ← (y; yt)

end if
end while
return y . Return the final output

Each agent a ∈ A takes text as input, returns text as output, is specified by unique
identifier label l and a mapping f : V∗ → V∗; scratchpad s ∈ V∗ shares information.
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Agents’ Room: Central Orchestration of Task Specialists

A multi-agent framework for complex writing tasks that decomposes the writing problem
into smaller sub-tasks each assigned to specialized agents.

� Communication: collaborative, via language

� Agents: planning and writing, LLM based, zero-shot and fine-tuned

� Shared Persistent State: scratchpad

� Orchestrator: central deterministic

Experiments on TellMe a Story dataset, elicited from professional writers, up to 1.5K
tokens long, all models based on Gemini, Huot et al. (2025, ICLR).
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Planning and Writing Agents

Planning Agents

Plot Setting Character Conflict

Writing Agents

Exposition Rising Climax Falling Resolution
Action Action

Planning Agents
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Scratchpad Output

Writing Agents
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Experimental Setting and Ablations

End-to-end Baseline E2E

Agent’s Room: Plan

Agent’s Room: Write

Agents’ Room: Plan + Write
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Example Story

Mirella Lapata (University of Edinburgh) Multi-LLM Collaboration Matters 23 / 38



Results
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Interim Conclusions

� Long-form writing is hard!

� Synthesizing thousands of tokens in coherent narratives is somewhat feasible.

� LLMs still struggle with pacing story development, originality, character.

� Agents collaborate through scratchpad, but there is no reasoning involved.
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Part II

Next Chapter Prediction
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Novel Task: Next Chapter Prediction

Aunt Petunia obviously scented
danger, too, because she said
quickly, “And we’ll buy you another
two presents while we’re out to-
day. How’s that, popkin? Two
more presents. Is that all right?”
Dudley thought for a moment. It
looked like hard work. Finally he
said slowly, “So I’ll have thirty . . .
thirty . . .” “Thirty-nine, sweetums,”
said Aunt Petunia.

“Oh.” Dudley sat down heavily and

grabbed the nearest parcel.

“All right then.”

Uncle Vernon chuckled.

Chapter Two
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Novel Task: Next Chapter Prediction

Mirella Lapata (University of Edinburgh) Multi-LLM Collaboration Matters 28 / 38



Learning to Reason

Previous Chapter

Next Chapter

Orchestrator

Planning Agents Reasoning Agent

Scratchpad

Summary
so far Story sketch

Character Synopsis
Reasoning Trace

Detailed Plan
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Agent Configuration

Multiple agents work together on a generation task. They generate new content, given
information about the story and previous chapters.

� Communication: collaborative, via language

� Agents: planning, reasoning, writing

� Shared Persistent State: scratchpad

� Learn to reason based on scratchpad

Experiments on 30 fiction books published in-or-after 2024 from SuperSummary
Qwen-7B models, avg. next chapter is 2.5K tokens.

Gurung and Lapata (2024, EMNLP), Gurung and Lapata (2025, COLM)
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How do we train the Reasoning Agent?

Lambert et al. (2024): Reinforcement Learning from Verifiable Rewards (RLVR).

Model is trained using reinforcement learning alogorithm like PPO or GRPO.
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Verifiable Rewards via Completion Likelihood Improvement

VR-CLI

Generator
𝜋𝐺

Reasoning 
Trace 𝑡

Answer: 𝑎

Policy
𝜋𝜃(𝑥)

Dataset
𝑥, 𝑦 ∈ 𝐷

𝑥

𝑎

(𝑥, 𝑦)

𝐼(𝑦|𝑥, 𝑎)

𝑟 = 𝑅(𝐼)

𝑟

� Need high-quality dataset:
input x, output completions y

� Need generator that should output y
� Key assumption: improving the

generator’s likelihood of producing
the provided dataset will improve
the quality of its generations.

Mirella Lapata (University of Edinburgh) Multi-LLM Collaboration Matters 32 / 38



VR-CLI: Improvement and Rewards Formulation

Improvement: how much does this answer improve the likelihood of y?

IπG(x, y, a) =

[
1−

PPLπG(y|x, a)
PPLπG(y|x)

]
× 100

Reward: some simple formulation based on improvement:

R(x, y, a) =


α I(x, y, a) ≤ ω0

β ω0 < I(x, y, a) ≤ ω1

γ ω1 < I(x, y, a)
R(x, y, a) = max[0, I(x, y, a)]
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Example Reasoning Trace
### Detailed Plan for Next Chapter###
1. **Fern’s Character Development:** <citation>Source A says X</citation>, therefore <reasoning>Fern’s character evolves significantly throughout the
story, driven by her experiences, interactions, and growing self-awareness. She transforms from a desperate and ashamed teenager to a more
determined and resilient individual, seeking to survive her time at the Home and prepare for the future.</reasoning> <citation>Source A says
X</citation>, therefore <reasoning>Fern’s experiences at the Home, including her interactions with the other girls and the authorities, shape her thoughts
and feelings. She becomes more aware of the harsh realities of her situation and the lies she has been told about childbirth (snippet 6).</reasoning>
2. **The Girls’ Experimentation with Witchcraft:** <citation>Source A says X</citation>, therefore <reasoning>The story continues with Fern’s daily life
at the home, including her struggles with the strict rules and her relationships with the other girls (Chapter 8-9). She bonds with Zinnia, a new girl who
arrives at the home, over their shared love of reading, and they come up with a plan to check out books from the Bookmobile together (Chapter
8-9).</reasoning> <citation>Source A says X</citation>, therefore <reasoning>The girls are forbidden from reading certain books, including those on
childbirth, but Mrs. Parcae, the librarian, sympathizes with Fern’s desire to learn more about pregnancy and childbirth (Chapter 9). In a significant
moment, Mrs. Parcae adjusts the fetus inside Fern’s belly, explaining that it has been pressing against her bladder, and gives her a book that will help
her understand how to be a woman (Chapter 9).</reasoning>
3. **The Spell and Its Consequences:** <citation>Source A says X</citation>, therefore <reasoning>The book that Mrs. Parcae gave Fern is titled How
to Be a Groovy Witch. It contains spells for various things, all of which seem useful to Fern. Because Mrs. Parcae was so adept at moving her fetus and
ending her constant need to urinate, Fern has high hopes for this book (Chapter 10).</reasoning> <citation>Source A says X</citation>, therefore
<reasoning>As they recite the incantation, the egg turns black. They hope that this means that the spell is working. When they transfer the egg and the
other items into a witch bag and hide it in Dr. Vincent’s office, he begins vomiting uncontrollably (Chapter 10).</reasoning>

### In summary: In the next chapter, Fern’s character development is portrayed through her experiences at the Home for unwed mothers. The chapter
ends with the girls’ experimentation with witchcraft, and the spell they cast to harm Dr. Vincent. The chapter concludes with the girls’ decision to join the
coven, and their future plans. The chapter ends with a jump forward in time, and Neva’s reflection on her experiences at the Home. The chapter ends
with a sense of closure, as Neva reunites with her daughter and finds closure in her life. The chapter ends with a sense of freedom, as Neva is able to
confront her past and move forward. The chapter ends with a sense of satisfaction, as Neva’s life is complete. The chapter ends with a sense of closure,
as the story comes to an end. The chapter ends with a sense of satisfaction, as the readers have enjoyed the story and have learned from it. The
chapter ends with a sense of closure, as the story has come to an end. The chapter ends with a sense of satisfaction, as the readers have enjoyed the
story and have learned from it. The chapter ends with a sense of closure, as the story has come to an end.
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Results
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What does the future hold?

� Evaluating multi-LLM collaboration: no agreed-upon and detailed evaluation
methodology.

� Design of multi-LLM systems: given a repository of agents, we should learn their
configuration for the task at hand, knowing when to call an agent.

� What are good multi-LLM problems: designing tasks and datasets where multiple
models divide and conquer complex problems.

� Many levels of LLM collaboration: we have only looked at inference (what about
pre-training and post-training).
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