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Motivation
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LLM Agents – 2025
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Agents Powered by LLMs 

From Advanced LLM Agents course slides - Towards Building Safe & Secure Agentic AI, by Dawn Song, 
UC Berkeley



(Open-ended) Automated AI Research – 2026?
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Karpathy NanoChat Autoresearch

While not done:
1. edit train.py
2. train for 5 minutes
3. evaluate solution
4. keep or discard

LLM training

Builds on long lineage of 
AutoML, NAS - 1990s

https://github.com/karpathy/autoresearch


(Open-ended) Automated AI Research – 2026?
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Karpathy NanoChat Autoresearch

Hparams:
● DEPTH
● DEVICE_BATCH_SIZE
● TOTAL_BATCH_SIZE
● EMBEDDING_LR
● MATRIX_LR
● WEIGHT_DECAY
● WINDOW_PATTERN
● HEAD_DIM
● WARMUP_RATIO
● WARMDOWN_RATIO

Training code itself!
● E.g add warmup

Others - NanoGPT Speedrun (harder, human baselines)

https://github.com/karpathy/autoresearch


(Optional Prelim in Agents)
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LLMs       // LLM Agents
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Agents Powered by LLMs 

LLMInput Output LLM 
AgentInput

Action

Feedback



LLM Agents
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Agents Powered by LLMs 

LLMInput

Action

Feedback

LLM

Input

Feedback

Tools

Retrieval

Memory

Internal 
Reasoning, 
planning, …

Coms

Output 
Parser/
Router

Action

Obs 
Parser

Action

Agent



Workflows vs Agents
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Can you draw full flowchart of the process (num of steps, what the steps are, which tools 

etc) ? Yes (workflow), No (AI Agent)

Agent AI - LLMs dynamically direct their own processes, 
control how (e.g. choose tools/actions) they accomplish 
tasks. Learn from env feedback.

AI Workflows - predefined code paths.

Prompt chaining e.g. write text, then translate. 

Routing, e.g. small models simple tasks, larger ones – 
more complicated tasks. 

E.g. Coding agent.

Antropic Blog

https://www.anthropic.com/engineering/building-effective-agents


Agency Spectrum

10Huggingface smolagents guide

https://huggingface.co/docs/smolagents/conceptual_guides/intro_agents


Motivation Continued
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Long-horizon & Open-ended Tasks
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*Long-horizon tasks

Measured by 
how long they 
take human 
professionals.

Kwa et al. Measuring AI Ability to Complete Long Tasks.



Long-horizon & Open-ended Tasks
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Agents Powered by LLMs 

Open-ended Tasks (AI Scientist V2, MLE 
Bench, … ) - sequences of artifacts

*Long-horizon & Open-Ended Tasks

hypotheses code experiments

analyses models papers

Sequences of artifacts

Goals = <hypothesis, code, experiments, analyses, 
models, papers,..>

Not fully open-ended as defined as by Hughes at al. 
- novel and learnable.  



Multi-Agent Agentic Systems
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Agents Powered by LLMs 

Specialisation/Division of labour improves 
performance on code generation tasks + reduces 
hallucinations [5] (workflow)

LLM Debate can improve reasoning [1,3,4]



Multi-Agent Agentic Systems

15

Agents Powered by LLMs 

Claude Research:
“...multi-agent system with Claude Opus 4 as the lead agent and Claude 
Sonnet 4 subagents outperformed single-agent Claude Opus 4 by 
90.2% …” 
- anthropic blog 

Google AI Co-Scientist:
- LLMs can benefit from role-specialized multi-agent workflows
- generate diverse ideas, critique them, rank them, evolve them, 

and synthesize the best ones.

https://www.anthropic.com/engineering/multi-agent-research-system
https://docs.google.com/file/d/1nuJf-UxcU809y505fBeWBI3UkgQ2eIJk/preview
https://www.nature.com/articles/s41586-026-10644-y


Summary
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As foundation models (FMs) are increasingly deployed as 
autonomous agents in multi-agent settings, there's a critical 

need to evaluate their coordination in long-horizon and 
open-ended tasks.

How to measure coordination in open-ended tasks?



Environment
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Env requirements

1. Long-horizon
2. Open-Ended Tasks: e.g. Goals = <hypothesis, code, experiments, 

analyses, models, papers,..>, see video. 
3. Diverse Coordination objectives
4. Controllable & Measurable Difficulty: split coordination in low, medium 

and high coordination complexity (enables systematic evaluation as 
coordination demands and incentive misalignment scale up).



Env requirements

* We focus on cooperative/coordination properties here.



Craftar Worlds

Crafter (Hafner, 2022)

Craftax-Classic

Craftax (9 levels, Jax 
Matthews, 2024)

Multi-Agent Craftax (Ye et al, 
2025, Jax, Multiple Agents)

Multi-Agent Craftax v2 (Bassel et 
al, 2025, roles)



alem: An Open-Ended World for Multi-Agent Coordination
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https://docs.google.com/file/d/1Fmpr9qvKa4O29mUfbWebSPsqN-h-c6g9/preview


Easy/Med/Hard
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Harder:
- More agents 

required for 
coordination tasks 

- Less time for 
handover tasks

- Stricter 
specialisation

- Stronger mobs.



Alem induces measurable inter-agent dependencies
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Diagnostics from Tessera et al., Probing Dec-POMDP Reasoning in Cooperative MARL.

*Higher values indicate stronger behavioural dependence, not higher reward.

🔎 Multi-agent metrics recently proposed to measure statistical dependence 
between an agent’s history and its actions, teammates’ private information 
and between agent’s actions.

Adding coordination tasks and soft specialisation strengthens all four measured 
behavioural dependencies.



Base vs Coord. Achievements
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Category Example Num Metric

Base Collect Wood, 
Defeat 
Necromancer

66 % of the maximum 
achievable normal 
reward

Coord Coordinated 
diamond mining, 
Build Beacon

27 % of the maximum 
achievable coord 
reward

Total - 93 % of the maximum 
achievable total 
reward



Agents Playing the Game



Results
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Prelim 1 - MARL Results - 1 Billion Train Steps
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RL Interface:
- Symbolics obs - 

observation dim size 
9730 (local maps, 
inventory, teammate 
directions).

- 60 discrete actions - 
communication, 
request resources, 
etc. With legal 
action mask ~20 
actions.

*Bar plots are rescaled onto a shared denominator, CI only on total in plot, see paper for full CI intervals.



Prelim 1 - MARL Results - 3B - Train Longer?
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*Challenging for MARL Agents!



LLM Interface
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LLM Interface
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LLM Interface
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LLM Interface
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Prelim 2 - Challenges in Multi-Agency

33*Multi-Agent Coordination introduces a new paradigm of difficulty



Q1: How well do LLM agents coordinate (Zero-shot) ?
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Zero-Shot Frontier Model (Gemini 3.1 Pro) matches the performance of 
MARL trained for 1B timesteps.



Q1: Qualitative - Multi-Step Plans + Shared Intent
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Q1: Emergent Multi-Agent Cognition - Top 3 models 
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* GPT doesn’t expose reasoning so we didn’t include it here. 



Q1: Emergent Multi-Agent Cognition - Gemini 3.1 Pro 
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Q1: How well do LLM agents coordinate zero-shot within 
homogeneous teams?
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Q1.1: Base != Coordination Performance
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…



Q1.2: Coordination failures differ across task structure.
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Handover (one agent begins, 
another completes)

- Comparatively easiest – 
time slack.

Sync-Hard (all agents coord 
same time)

- Harder, possibly due to 
spatial reasoning from text.

Measure success rate. 



Q1.2: MARL Exploration Failure?
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Construction
● Agents must collect 

resources, progress through 
a technology chain, 
converge on a shared site, 
and execute a synchronised 
build.

MARL fails here!
Possible to find through 
trial-and-error? 



Q1.3: Step Efficiency vs Performance
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MARL Efficient.

LLM Survive Longer.



Q2: Ablations: How do communication, memory, and 
reasoning affect coordination?
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Q2: Communication is critical for (zero-shot) 
coordination.
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Q2: Scratchpad memory helps when used for planning.

45



Q2: Scratchpad memory helps when used for planning.
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Gemini uses the scratchpad as a forward-looking planner: 
● 71.5% of entries are multi-line, 
● 75.3% contain future-tense verbs such as will, next, then, or plan
● 12.4% contain explicit turn-indexed action sequences such as 

T9:Do, T10:Move West, and T11:Give wood to Agent 1. 

In contrast, Gemma’s scratchpads are:
● one-line state summaries (average 1.08 lines)
● with frequent coordinate references (98.8%) status information 

that is often already present in the next observation.



Q2: Scratchpad memory helps when used for planning.
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Q3: How well do agents coordinate in teams composed 
of different models?
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MARL vs LLM Agents
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MARL
Pros
✅ Efficient execution & training (1B 
steps, 1.5 days cheap GPU).
✅ High timestep efficiency – likely 
because trained. 
✅ Less compute required. 

Cons
❌ Less interpretable 
plans/communications.
❌ Has to be trained in each new env.
❌ Hard to input useful priors.
❌ MARL exploration still a challenge in 
big worlds, e.g. construction tasks.  

LLM Agents
Pros
✅ Frontier models good - zero-shot.
✅ More interpretable 
plans/communications/reasoning.
✅ Good priors that don’t need 
exploration.
✅ Can input priors easily.

Cons
❌ Expensive - Gemini exps cost 3-4k 
USD
❌ Prompting/agents – black magic – 
more than deep RL.
❌ Less timestep efficient.



Summary
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💡Contributions:
● We introduce alem, a JAX-based benchmark for long-horizon, 

open-ended multi-agent coordination.
● We zero-shot evaluate 13 LLMs and 4 trained MARL baselines find 

the following:
○ See hints of theory-of-mind, shared intent, multi-step 

planning. 
○ Coordination performance is distinct from base-task 

performance.
○ Communication matters most among the ablated harness 

components.
○ Initial heterogeneous team experiments suggest that mixed 

teams avg. out compared to homogenous teams.



Takeaway & Thanks

⚠ Challenges & Limitations:
● Results based on a single environment. 
● Focus on LLMs, no experiments on VLMs. 
● Due to costs, no Claude and only 10 seeds for LLM experiments (20 used for 

MARL). 

Future work:
● LLMs - stronger agent harnesses, cross-episode memory, and lifelong 

learning.
● MARL - better exploration in open-ended environments. 
● Neither MARL or LLM are perfect – what is next? 

51



Connections between Open-ended Coordination & Research 
Sequence of artifacts
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Goals = <hypothesis, code, 
experiments, analyses, models, 
papers,..>

Goals = <collect wood, build 
table, craft pickaxe,..>



Questions & Comments

Email: k.tessera@ed.ac.uk

Paper: Benchmarking Open-Ended Multi-Agent Coordination 
in Language Agents https://arxiv.org/abs/2606.08340

Code: https://github.com/alem-world/alem-env
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https://arxiv.org/abs/2606.08340

