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… but before we all go into Christmas break, 
let’s enjoy this last lecture!

About the Exam

Recap Session with All TAs             … on January 8, 10 am to 12 pm in AAC 231.
… all TAs will be present, so come with your questions.

Friday 16.01.2026 from 15:15 to 18:15 in CE 1 515 and PO 01.
Closed book exam. One A4 crib sheet (both sides).

Details on room assignment 

will follow shortly!
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Learning Principles, Tokenization and Architectures

Foundation Models and Multimodality 

World Models and Generative AI

→ We have built powerful models; now we ask what happens when they act.

reasoningemergent behavior
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Large language models can already analyse prose, write code, and argue a point, yet 
they live in a closed book: they read tokens, write tokens, and forget the scene once the 
page turns. An agent, by contrast, survives in the wild.

“

Liu et al., (2025)

LLMs are powerful but “closed book” systems: read tokens → write tokens

→ Limited persistence, limited direct interaction with the world. 

Agents are models placed in an environment loop:observe → decide → act → observe → etc.

→ Turns static generation into goal-directed decision-making enabling sustained goal pursuit.


https://arxiv.org/pdf/2504.01990
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?
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What faculties must any truly autonomous agent possess,  
no matter how the modules are wired?

Liu et al., (2025)

A truly autonomous agent needs capabilities, not a particular architecture. It must be able to: 

1. Perceive: Acquire observations from its environment (text, sensors, APIs, images) and extract 
task-relevant state.


2. Maintain state and memory: Carry forward information across time: working memory (current 
context), and longer-term memory (facts, past events, commitments).


3. Represent goals and constraints: Keep track of what it is trying to achieve (objectives), what it 
must not do (constraints), and how to trade off competing objectives.


4. Reason and plan: Decompose goals, choose actions over a horizon, anticipate consequences 
(even approximately), and revise plans when reality diverges.


5. Act and execute interventions: Have an action interface that can change the environment (tool 
calls, UI actions, robot actuators), not just produce text.


6. Learn and adapt: Improve behavior from experience/feedback: update its policy, its world 
model, and/or its memory (even if weight updates are offline).


7. Self-monitor and stay calibrated: Detect errors, uncertainty, and dead-ends; decide when to 
verify, ask clarifying questions, abstain, or hand off to humans.

https://arxiv.org/pdf/2504.01990
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What faculties must any truly autonomous agent possess,  
no matter how the modules are wired?

Liu et al., (2025)
48 Cognition

Perception
Learning to perceive and 

integrate multimodal 
information

Reasoning
Learning to perform 
structured and self-
improving reasoning

World Understanding
Learning to build and 

refine memory, reward, 
and world models

Figure 2.4: Three core learning objectives in intelligent agents. From left to right: 1) Learning to perceive
and integrate multimodal information from the environment enhances the agent’s sensory and retrieval
capabilities; 2) Learning to perform structured and self-improving reasoning strengthens the agent’s cognitive
abilities through data-driven, reinforcement, and self-evolutionary methods; 3) Learning to build and refine
memory, reward understanding, and world models enables agents to interpret their environment, simulate
outcomes, and act more e!ectively.

enhancing model-level active perception capabilities to enrich the foundation for decision-making. This
approach may represent a significant avenue for future agent development.

Learning for Better Reasoning Reasoning serves as a critical bridge between an agent’s mental state and its
actions, making the ability to reason e!ectively and the development of reasoning capabilities essential for
intelligent agents. The foundation of reasoning in modern agents stems from two key elements: the rich
world knowledge embedded in their underlying models, and the robust logical frameworks supported either
internally or through context structuring. This makes learning for better reasoning a vital objective in agent
development.

The development of reasoning capabilities has evolved through three major paradigms. First, data-driven
approaches leverage high-quality reasoning data and sophisticated curation methods to directly enhance model
capabilities. Second, reinforcement learning methods enable more autonomous learning through reward-based
optimization, ranging from single-agent self-improvement to complex multi-agent collaborative systems.
Third, self-evolutionary approaches push the boundaries further by enabling agents to modify their own core
functionalities and code, achieving truly autonomous reasoning development.

The importance of reasoning in agent development has been re-emphasized following the release of the o1
series. The most straightforward approach to enhancing reasoning capabilities involves collecting and distilling
data from open/closed-source reasoning models. For instance, SKY-32B [83] distilled data from QWQ-32B [151] to
train a 32B reasoning model at a cost of $450. Similarly, Open Thoughts [84] trained Bespoke-Stratos-32B at a
low cost by distilling and synthesizing datasets from DeepSeek-R1 [116]. These studies demonstrate that

https://arxiv.org/pdf/2504.01990
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An agent is an autonomous, adaptive intelligent system designed to actively perceive diverse 
signals from its environment, continuously learn from experience to refine and update structured 
internal states (such as memory, world models, goals, emotional states, and reward signals), and 
reason about purposeful actions (both external and internal) to autonomously navigate toward 
complex, long-term objectives.

AGENTS

Biologia Ex Machina – Research Proposal (10 pages of text with additional figures and tables) and References                7 

transcriptomics at the cell and tissue levels and by linking modalities across scales using matched or weakly paired data 
and perturbation screens (WP3-WP6). Training explicitly leverages multi-technology collections collected across WPs to 
anchor alignment and produce robust FM instantiations. 
Data strategy and scaling. We pretrain and evaluate on public repositories such as TCGA [59], CPTAC [60], JUMP [61], 
DepMap/Project Achilles [62], PRISM [63,64], HubMap [65], Human Protein Atlas (HPA [66]) and Human Cell Atlas (HCA 
[67]) (incl. CellXGene [68]), and large collections of spatial transcriptomics and proteomics data collected as prior work by 
consortium members [24,26,69] and curated from international biomedical science initiatives. We also use data from CGC 
collaborations, including PROSPECT, PROMINENT, and PRECISION, and we continually ingest data generated in WP4-
WP6, with early phases prioritized for alignment and co-registration. We further build on large perturbation screens across 
technologies and modalities (e.g., LINCS [70], Tahoe-100M [71], HPA [34], collaborators) to initialize the generative 
simulators. To provide robust anchors for multimodal generative models and calibration across scales, we invest in partially 
paired cross-modal measurements and in collecting the same perturbations across modalities (for example, imaging-based 
proteomics and targeted Perturb-seq for matched edits). To climb data scaling curves, we selectively generate the highest-
leverage data, including paired cross-modal interventional datasets. 
Deliverables. WP1 delivers an interoperable suite of molecular, cellular, tissue, and patient FMs, plus compact generative 
perturbation simulators, ready for WP2 and for integration with WP3-WP6 data streams. Metrics of success: Success is 
measured by: (1) representations that support high-fidelity annotations on retrospective data (e.g., cell types, clinical labels, 
known biomarkers); (2) cross-modal alignment and practical imputation of missing data across molecular, cell, and tissue 
scales, demonstrated on paired or weakly paired sets; (3) accurate perturbation response predictions across perturbation 
types, modality, and scale; (4) prospective utility in WP3 lab-in-the-loop pilots, evidenced by reduced pilot effort (fewer 
plates or smaller marker panels as FM representations can be robustly initialized with low-cost assays) while maintaining 
target accuracy; and (5) measurable boosts when integrated into WP2 agents (higher plan execution rate, improved hit-rate 
at fixed budget, stable latency within tool budgets) compared to more classic tools. 
 
WP2: AI Co-Scientists Linking Models, Data, and Tools          
Rationale: To make AI co-scientists useful, they must be able to analyze data and run tools, not just act as chatbots 
[1,4,13,72,73]. WP2 builds AI systems for AI co-scientists that autonomously design and execute cancer research 
workflows by linking large language models (LLMs) to a tool layer combining computational pipelines, omics 
workflows, and WP1 models. Agents plan analyses, interpret results, verify reasoning, and abstain when evidence is 
weak, trained with reinforcement learning and soft verifiers that favor biologically sound reasoning [74]. This will turn the AI 
from a text generator into a research partner. 
Preliminary work: Zitnik developed ToolUniverse [13,73], which defines a protocol for how AI co-scientists discover and 
run scientific tools (Figure 4). It defines two operations, Find Tool and Call Tool, that allow co-scientists to use tools 
ranging from bioinformatics packages to databases and simulators. ToolUniverse supports proprietary and open-source 

LLMs, allowing 
collaboration with 
multiple LLM providers 
(closed models such 
as Claude, GPT 
Codex, and ChatGPT, 
and open models such 
as DeepSeek [75], 
Qwen [76], and Llama 
[77], see 
collaboration letters). 
Zitnik developed 
PRISM [72], a multi-
agent system with 
Research Planning, 
Coding, Panel 
Discussion, and 
Literature Review 
agents (Figure 5), and 
tested it on 900+ tasks 
in cancer target 
identification, synthetic 
lethality, and 
immunotherapy 
response prediction. 
 

Figure 4: ToolUniverse, https://aiscientist.tools: an ecosystem for creating AI co-scientists for 
cancer discovery science [13,73]. a. ToolUniverse links LLMs, reasoning models, and agents (any open-
source or closed model) to 600+ scientific tools to perform autonomous research. b. It spans ten tool 
categories, including ML models from WP1, agents from WP2, collaboration and automation tools from WP3, 
and datasets from WP4-6. c. To build AI co-scientists, ToolUniverse defines a protocol for how models 
request and process tools. Its core operations are Find Tool (map natural language to tool specs) and Call 
Tool (run tools and return results). 

Minimal example in RL terminology: a system that, over time, maps observations  and internal 
state  to actions  to optimize a goal / reward.

ot
mt at

Environment provides: observations , transition dynamics , and 
optionally a reward 

ot st+1 = f (st, at)
rt

Core loop: observe  → reason and plan → act   → log + update memory  
→ repeat until stop.

ot at
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Modern agents are steered  
by large language models = augmented LLMs?

Core idea:  
Use LLM in a loop and specify action space as text.

Memory: Persist state across steps  
(history, intermediate results, user preferences). 
→ enables long-horizon tasks beyond the context window. 
Why LLMs work as controllers?  
Strong instruction following, flexible decomposition,  
and language as a universal interface to tools.

 
Key challenge:  
Long-horizon reliability: Errors compound (hallucinated steps, getting stuck)  
→ need tool schemas and validation + verification + clear stop or abstain criteria.

Biologia Ex Machina – Research Proposal (10 pages of text with additional figures and tables) and References                7 

transcriptomics at the cell and tissue levels and by linking modalities across scales using matched or weakly paired data 
and perturbation screens (WP3-WP6). Training explicitly leverages multi-technology collections collected across WPs to 
anchor alignment and produce robust FM instantiations. 
Data strategy and scaling. We pretrain and evaluate on public repositories such as TCGA [59], CPTAC [60], JUMP [61], 
DepMap/Project Achilles [62], PRISM [63,64], HubMap [65], Human Protein Atlas (HPA [66]) and Human Cell Atlas (HCA 
[67]) (incl. CellXGene [68]), and large collections of spatial transcriptomics and proteomics data collected as prior work by 
consortium members [24,26,69] and curated from international biomedical science initiatives. We also use data from CGC 
collaborations, including PROSPECT, PROMINENT, and PRECISION, and we continually ingest data generated in WP4-
WP6, with early phases prioritized for alignment and co-registration. We further build on large perturbation screens across 
technologies and modalities (e.g., LINCS [70], Tahoe-100M [71], HPA [34], collaborators) to initialize the generative 
simulators. To provide robust anchors for multimodal generative models and calibration across scales, we invest in partially 
paired cross-modal measurements and in collecting the same perturbations across modalities (for example, imaging-based 
proteomics and targeted Perturb-seq for matched edits). To climb data scaling curves, we selectively generate the highest-
leverage data, including paired cross-modal interventional datasets. 
Deliverables. WP1 delivers an interoperable suite of molecular, cellular, tissue, and patient FMs, plus compact generative 
perturbation simulators, ready for WP2 and for integration with WP3-WP6 data streams. Metrics of success: Success is 
measured by: (1) representations that support high-fidelity annotations on retrospective data (e.g., cell types, clinical labels, 
known biomarkers); (2) cross-modal alignment and practical imputation of missing data across molecular, cell, and tissue 
scales, demonstrated on paired or weakly paired sets; (3) accurate perturbation response predictions across perturbation 
types, modality, and scale; (4) prospective utility in WP3 lab-in-the-loop pilots, evidenced by reduced pilot effort (fewer 
plates or smaller marker panels as FM representations can be robustly initialized with low-cost assays) while maintaining 
target accuracy; and (5) measurable boosts when integrated into WP2 agents (higher plan execution rate, improved hit-rate 
at fixed budget, stable latency within tool budgets) compared to more classic tools. 
 
WP2: AI Co-Scientists Linking Models, Data, and Tools          
Rationale: To make AI co-scientists useful, they must be able to analyze data and run tools, not just act as chatbots 
[1,4,13,72,73]. WP2 builds AI systems for AI co-scientists that autonomously design and execute cancer research 
workflows by linking large language models (LLMs) to a tool layer combining computational pipelines, omics 
workflows, and WP1 models. Agents plan analyses, interpret results, verify reasoning, and abstain when evidence is 
weak, trained with reinforcement learning and soft verifiers that favor biologically sound reasoning [74]. This will turn the AI 
from a text generator into a research partner. 
Preliminary work: Zitnik developed ToolUniverse [13,73], which defines a protocol for how AI co-scientists discover and 
run scientific tools (Figure 4). It defines two operations, Find Tool and Call Tool, that allow co-scientists to use tools 
ranging from bioinformatics packages to databases and simulators. ToolUniverse supports proprietary and open-source 
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Codex, and ChatGPT, 
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[77], see 
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Zitnik developed 
PRISM [72], a multi-
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Coding, Panel 
Discussion, and 
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agents (Figure 5), and 
tested it on 900+ tasks 
in cancer target 
identification, synthetic 
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immunotherapy 
response prediction. 
 

Figure 4: ToolUniverse, https://aiscientist.tools: an ecosystem for creating AI co-scientists for 
cancer discovery science [13,73]. a. ToolUniverse links LLMs, reasoning models, and agents (any open-
source or closed model) to 600+ scientific tools to perform autonomous research. b. It spans ten tool 
categories, including ML models from WP1, agents from WP2, collaboration and automation tools from WP3, 
and datasets from WP4-6. c. To build AI co-scientists, ToolUniverse defines a protocol for how models 
request and process tools. Its core operations are Find Tool (map natural language to tool specs) and Call 
Tool (run tools and return results). 

language  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LLM

memory
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transcriptomics at the cell and tissue levels and by linking modalities across scales using matched or weakly paired data 
and perturbation screens (WP3-WP6). Training explicitly leverages multi-technology collections collected across WPs to 
anchor alignment and produce robust FM instantiations. 
Data strategy and scaling. We pretrain and evaluate on public repositories such as TCGA [59], CPTAC [60], JUMP [61], 
DepMap/Project Achilles [62], PRISM [63,64], HubMap [65], Human Protein Atlas (HPA [66]) and Human Cell Atlas (HCA 
[67]) (incl. CellXGene [68]), and large collections of spatial transcriptomics and proteomics data collected as prior work by 
consortium members [24,26,69] and curated from international biomedical science initiatives. We also use data from CGC 
collaborations, including PROSPECT, PROMINENT, and PRECISION, and we continually ingest data generated in WP4-
WP6, with early phases prioritized for alignment and co-registration. We further build on large perturbation screens across 
technologies and modalities (e.g., LINCS [70], Tahoe-100M [71], HPA [34], collaborators) to initialize the generative 
simulators. To provide robust anchors for multimodal generative models and calibration across scales, we invest in partially 
paired cross-modal measurements and in collecting the same perturbations across modalities (for example, imaging-based 
proteomics and targeted Perturb-seq for matched edits). To climb data scaling curves, we selectively generate the highest-
leverage data, including paired cross-modal interventional datasets. 
Deliverables. WP1 delivers an interoperable suite of molecular, cellular, tissue, and patient FMs, plus compact generative 
perturbation simulators, ready for WP2 and for integration with WP3-WP6 data streams. Metrics of success: Success is 
measured by: (1) representations that support high-fidelity annotations on retrospective data (e.g., cell types, clinical labels, 
known biomarkers); (2) cross-modal alignment and practical imputation of missing data across molecular, cell, and tissue 
scales, demonstrated on paired or weakly paired sets; (3) accurate perturbation response predictions across perturbation 
types, modality, and scale; (4) prospective utility in WP3 lab-in-the-loop pilots, evidenced by reduced pilot effort (fewer 
plates or smaller marker panels as FM representations can be robustly initialized with low-cost assays) while maintaining 
target accuracy; and (5) measurable boosts when integrated into WP2 agents (higher plan execution rate, improved hit-rate 
at fixed budget, stable latency within tool budgets) compared to more classic tools. 
 
WP2: AI Co-Scientists Linking Models, Data, and Tools          
Rationale: To make AI co-scientists useful, they must be able to analyze data and run tools, not just act as chatbots 
[1,4,13,72,73]. WP2 builds AI systems for AI co-scientists that autonomously design and execute cancer research 
workflows by linking large language models (LLMs) to a tool layer combining computational pipelines, omics 
workflows, and WP1 models. Agents plan analyses, interpret results, verify reasoning, and abstain when evidence is 
weak, trained with reinforcement learning and soft verifiers that favor biologically sound reasoning [74]. This will turn the AI 
from a text generator into a research partner. 
Preliminary work: Zitnik developed ToolUniverse [13,73], which defines a protocol for how AI co-scientists discover and 
run scientific tools (Figure 4). It defines two operations, Find Tool and Call Tool, that allow co-scientists to use tools 
ranging from bioinformatics packages to databases and simulators. ToolUniverse supports proprietary and open-source 
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Figure 4: ToolUniverse, https://aiscientist.tools: an ecosystem for creating AI co-scientists for 
cancer discovery science [13,73]. a. ToolUniverse links LLMs, reasoning models, and agents (any open-
source or closed model) to 600+ scientific tools to perform autonomous research. b. It spans ten tool 
categories, including ML models from WP1, agents from WP2, collaboration and automation tools from WP3, 
and datasets from WP4-6. c. To build AI co-scientists, ToolUniverse defines a protocol for how models 
request and process tools. Its core operations are Find Tool (map natural language to tool specs) and Call 
Tool (run tools and return results). 

language  
instruction

agent

world or 
environment

action at

observation otAction : tool invocation (name and arguments, schema).
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Tools provide capabilities the LLM cannot do reliably:  
Exact computation, domain-specific models, real-world actions, etc.


                  Tool overload: Performance degrades less from the number of tools than from tool overlap; 
                  systems might handle >15 distinct tools but may fail with <10 similar ones.
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Problem!

What are Tools?

A tool is an external function or API the agent can 
invoke via a structured call to produce a reliable, 
verifiable effect; either information (retrieve or compute) 
or an environment change (actuate).

tools
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transcriptomics at the cell and tissue levels and by linking modalities across scales using matched or weakly paired data 
and perturbation screens (WP3-WP6). Training explicitly leverages multi-technology collections collected across WPs to 
anchor alignment and produce robust FM instantiations. 
Data strategy and scaling. We pretrain and evaluate on public repositories such as TCGA [59], CPTAC [60], JUMP [61], 
DepMap/Project Achilles [62], PRISM [63,64], HubMap [65], Human Protein Atlas (HPA [66]) and Human Cell Atlas (HCA 
[67]) (incl. CellXGene [68]), and large collections of spatial transcriptomics and proteomics data collected as prior work by 
consortium members [24,26,69] and curated from international biomedical science initiatives. We also use data from CGC 
collaborations, including PROSPECT, PROMINENT, and PRECISION, and we continually ingest data generated in WP4-
WP6, with early phases prioritized for alignment and co-registration. We further build on large perturbation screens across 
technologies and modalities (e.g., LINCS [70], Tahoe-100M [71], HPA [34], collaborators) to initialize the generative 
simulators. To provide robust anchors for multimodal generative models and calibration across scales, we invest in partially 
paired cross-modal measurements and in collecting the same perturbations across modalities (for example, imaging-based 
proteomics and targeted Perturb-seq for matched edits). To climb data scaling curves, we selectively generate the highest-
leverage data, including paired cross-modal interventional datasets. 
Deliverables. WP1 delivers an interoperable suite of molecular, cellular, tissue, and patient FMs, plus compact generative 
perturbation simulators, ready for WP2 and for integration with WP3-WP6 data streams. Metrics of success: Success is 
measured by: (1) representations that support high-fidelity annotations on retrospective data (e.g., cell types, clinical labels, 
known biomarkers); (2) cross-modal alignment and practical imputation of missing data across molecular, cell, and tissue 
scales, demonstrated on paired or weakly paired sets; (3) accurate perturbation response predictions across perturbation 
types, modality, and scale; (4) prospective utility in WP3 lab-in-the-loop pilots, evidenced by reduced pilot effort (fewer 
plates or smaller marker panels as FM representations can be robustly initialized with low-cost assays) while maintaining 
target accuracy; and (5) measurable boosts when integrated into WP2 agents (higher plan execution rate, improved hit-rate 
at fixed budget, stable latency within tool budgets) compared to more classic tools. 
 
WP2: AI Co-Scientists Linking Models, Data, and Tools          
Rationale: To make AI co-scientists useful, they must be able to analyze data and run tools, not just act as chatbots 
[1,4,13,72,73]. WP2 builds AI systems for AI co-scientists that autonomously design and execute cancer research 
workflows by linking large language models (LLMs) to a tool layer combining computational pipelines, omics 
workflows, and WP1 models. Agents plan analyses, interpret results, verify reasoning, and abstain when evidence is 
weak, trained with reinforcement learning and soft verifiers that favor biologically sound reasoning [74]. This will turn the AI 
from a text generator into a research partner. 
Preliminary work: Zitnik developed ToolUniverse [13,73], which defines a protocol for how AI co-scientists discover and 
run scientific tools (Figure 4). It defines two operations, Find Tool and Call Tool, that allow co-scientists to use tools 
ranging from bioinformatics packages to databases and simulators. ToolUniverse supports proprietary and open-source 
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Figure 4: ToolUniverse, https://aiscientist.tools: an ecosystem for creating AI co-scientists for 
cancer discovery science [13,73]. a. ToolUniverse links LLMs, reasoning models, and agents (any open-
source or closed model) to 600+ scientific tools to perform autonomous research. b. It spans ten tool 
categories, including ML models from WP1, agents from WP2, collaboration and automation tools from WP3, 
and datasets from WP4-6. c. To build AI co-scientists, ToolUniverse defines a protocol for how models 
request and process tools. Its core operations are Find Tool (map natural language to tool specs) and Call 
Tool (run tools and return results). 
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e.g., Web Agents: 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to synergize reasoning and acting in language models.

Yao et al., (2023)

Idea:  
Interleave Reasoning (a running “scratchpad”) with 
actions  (e.g., tool calls) and observations  (e.g., tool 
outputs). 

Loop:  
Thought → Act→ Observe → Thought … → Final Answer 

Why it helps?  
Reduces hallucination by grounding decisions in 
retrieved/computed evidence; supports multi-step 
planning without committing to a full plan upfront.

at ot

→ ReAct paradigm systematically outperforms  
     reasoning and acting only paradigms.

https://openreview.net/pdf?id=WE_vluYUL-X
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transcriptomics at the cell and tissue levels and by linking modalities across scales using matched or weakly paired data 
and perturbation screens (WP3-WP6). Training explicitly leverages multi-technology collections collected across WPs to 
anchor alignment and produce robust FM instantiations. 
Data strategy and scaling. We pretrain and evaluate on public repositories such as TCGA [59], CPTAC [60], JUMP [61], 
DepMap/Project Achilles [62], PRISM [63,64], HubMap [65], Human Protein Atlas (HPA [66]) and Human Cell Atlas (HCA 
[67]) (incl. CellXGene [68]), and large collections of spatial transcriptomics and proteomics data collected as prior work by 
consortium members [24,26,69] and curated from international biomedical science initiatives. We also use data from CGC 
collaborations, including PROSPECT, PROMINENT, and PRECISION, and we continually ingest data generated in WP4-
WP6, with early phases prioritized for alignment and co-registration. We further build on large perturbation screens across 
technologies and modalities (e.g., LINCS [70], Tahoe-100M [71], HPA [34], collaborators) to initialize the generative 
simulators. To provide robust anchors for multimodal generative models and calibration across scales, we invest in partially 
paired cross-modal measurements and in collecting the same perturbations across modalities (for example, imaging-based 
proteomics and targeted Perturb-seq for matched edits). To climb data scaling curves, we selectively generate the highest-
leverage data, including paired cross-modal interventional datasets. 
Deliverables. WP1 delivers an interoperable suite of molecular, cellular, tissue, and patient FMs, plus compact generative 
perturbation simulators, ready for WP2 and for integration with WP3-WP6 data streams. Metrics of success: Success is 
measured by: (1) representations that support high-fidelity annotations on retrospective data (e.g., cell types, clinical labels, 
known biomarkers); (2) cross-modal alignment and practical imputation of missing data across molecular, cell, and tissue 
scales, demonstrated on paired or weakly paired sets; (3) accurate perturbation response predictions across perturbation 
types, modality, and scale; (4) prospective utility in WP3 lab-in-the-loop pilots, evidenced by reduced pilot effort (fewer 
plates or smaller marker panels as FM representations can be robustly initialized with low-cost assays) while maintaining 
target accuracy; and (5) measurable boosts when integrated into WP2 agents (higher plan execution rate, improved hit-rate 
at fixed budget, stable latency within tool budgets) compared to more classic tools. 
 
WP2: AI Co-Scientists Linking Models, Data, and Tools          
Rationale: To make AI co-scientists useful, they must be able to analyze data and run tools, not just act as chatbots 
[1,4,13,72,73]. WP2 builds AI systems for AI co-scientists that autonomously design and execute cancer research 
workflows by linking large language models (LLMs) to a tool layer combining computational pipelines, omics 
workflows, and WP1 models. Agents plan analyses, interpret results, verify reasoning, and abstain when evidence is 
weak, trained with reinforcement learning and soft verifiers that favor biologically sound reasoning [74]. This will turn the AI 
from a text generator into a research partner. 
Preliminary work: Zitnik developed ToolUniverse [13,73], which defines a protocol for how AI co-scientists discover and 
run scientific tools (Figure 4). It defines two operations, Find Tool and Call Tool, that allow co-scientists to use tools 
ranging from bioinformatics packages to databases and simulators. ToolUniverse supports proprietary and open-source 

LLMs, allowing 
collaboration with 
multiple LLM providers 
(closed models such 
as Claude, GPT 
Codex, and ChatGPT, 
and open models such 
as DeepSeek [75], 
Qwen [76], and Llama 
[77], see 
collaboration letters). 
Zitnik developed 
PRISM [72], a multi-
agent system with 
Research Planning, 
Coding, Panel 
Discussion, and 
Literature Review 
agents (Figure 5), and 
tested it on 900+ tasks 
in cancer target 
identification, synthetic 
lethality, and 
immunotherapy 
response prediction. 
 

Figure 4: ToolUniverse, https://aiscientist.tools: an ecosystem for creating AI co-scientists for 
cancer discovery science [13,73]. a. ToolUniverse links LLMs, reasoning models, and agents (any open-
source or closed model) to 600+ scientific tools to perform autonomous research. b. It spans ten tool 
categories, including ML models from WP1, agents from WP2, collaboration and automation tools from WP3, 
and datasets from WP4-6. c. To build AI co-scientists, ToolUniverse defines a protocol for how models 
request and process tools. Its core operations are Find Tool (map natural language to tool specs) and Call 
Tool (run tools and return results). 
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language 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The central agent does not have to be text-only: 
 
It can also be a vision-language model that directly 
reasons over images alongside text and tool outputs.

The central agent can be a  
multimodal foundation model that 
reasons over text plus domain  
signals (e.g., images, tables, time 
series, graphs, omics, structures).

Vision :

In science, “observations” are often assays and 
measurements (e.g., microscopy, EHR, 
sequencing, proteomics), and the agent 
learns to integrate them into actionable 
hypotheses and decisions.



Charlotte BunneCS-461  ·  Foundation Models and Generative AI

Operating System Layers for Agents

14

Tool libraries: Curated, typed interfaces (name, description, input schema, output schema).

 
To make structured tool calls possible, every tool needs a machine-readable schemas. 

→ Why do schemas matter? Reduce hallucinated tool calls; enable validation; improve reliability!

Important components:

‣ Model Context Protocol (MCP):  
Standardizes how agents interfaces or connects to tools and data. 

‣ Agent Software Development Kits (SDK):  
Provide the orchestration loop, tool routing, retries, memory patterns, logging;  
so you do not rebuild infra each time.

= syscalls

= device driver/          standardAPI

= runtime and scheduler
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     Code Notebook 13 .A standard way for an agent to discover and call external tools and data.

Problem: Every tool/API has a different 
interface → brittle, custom integrations.

Core idea: Tools expose machine-readable 
specs (name, description, input/output 
schema) over a standard protocol. 

What MCP standardizes:

• Tool discovery:  

“What tools exist and what do they do?”

• Invocation: “Call tool X with arguments Y.”

• Results: Return structured outputs or 

errors back into the agent context.

Why it matters? Swap tools or providers 
without rewriting agent logic. 
Improves control via centralized permissions. number of 

tools
number of 
agents
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An SDK is a framework to build and run an agent:  
It implements the agent loop (observe → think → act → observe), manages context/memory,  
and orchestrates tool routing and execution (incl. retries, timeouts, or logging.


‣ MCP standardizes the tool interface (discovery, schemas, invocation, and results).  
An SDK uses MCP (or other adapters) and adds the rest of the “plumbing” to ship a reliable agent.


Examples:

• OpenAI Agents SDK

• Anthropic Claude Agent SDK,   etc.

Output:         Code within the code, 
Functions calling themselves, 

Infinite loop's dance.
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Review
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HTML Fetch

Web Search
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+ other tools

Figure 1 | Overview of TxGemma. (top) All TxGemma variants are trained on diverse data sources of the
Therapeutic Data Commons (TDC). TxGemma-Predict comes in three size variants (2B, 9B, and 27B) and is trained
for high-performance predictions on a broad set of therapeutic development tasks. TxGemma-Chat features two
variants (9B and 27B) and is trained on a combination of TDC data with general Gemma-2 instruction tuning data to
retain conversational and reasoning capabilities. Agentic-Tx, a therapeutics-focused agentic system powered by Gemini
2.5, has access to 18 tools including TxGemma-Predict and TxGemma-Chat to collect external knowledge and manages
complex tasks in either autonomous or interactive settings. (bottom-right) Absolute performance of Agentic-Tx
compared to best-in-class models on three complex therapeutic-related reasoning benchmarks. The state-of-the-art
(SOTA) values are obtained from [1, 2] and details are listed in Table 3. Dashed lines: L=lowest, M=mean, H=highest
human scores. (bottom-left) Relative performance changes of TxGemma-Predict compared to the SOTA generalist
model for each task type. The assignment of the 66 evaluated TDC tasks to task types is shown in Tables S.2 and S.3.
The bottom bar chart shows a summary of results where TxGemma-Predict outperforms or nearly matches SOTA
(light blue), and outperforms SOTA (darker blue).

|2

Wang et al., (2025)

https://arxiv.org/pdf/2504.06196
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Wang et al., (2025)
        Natural Language Input Reason + Action Tool-use Final Answer

Prompt: Imagine an early virtual screening campaign setting. 
Which of the following two candidates would you prefer for 
further development? 

<Molecule 1: SMILES>

<Molecule 2: SMILES>

Agent:  Final answer: <Molecule 2: SMILES>

t=3t=1

t=0 t=2

TxGemma
Chat

TxGemma
ClinTox

Agentic-TxAgentic-Tx

Agent → TxGemma-Chat: Given two drug candidates, what 
factors would influence your decision to prioritize one over 
the other in an early virtual screening campaign?

TxGemma-Chat: Investigate whether the drugs would pass 
through a clinical trial, based on properties such as toxicity.

Agent → TxGemma-ClinTox: Is the following toxic? 
<Molecule 1: SMILES>
TxGemma ClinTox: Toxic

Agent → TxGemma-ClinTox:  Is the following toxic? 
<Molecule 2: SMILES>
TxGemma ClinTox: Non-toxic

Figure 2 | Example workflow of agentic planning and execution with Agentic-Tx. Agentic-Tx uses the
ReAct framework [22] to interleave thought with tool-usage. When a user poses a query, Agentic-Tx checks whether
the query structure matches any defined tool trigger. If so, the query is routed to the corresponding tool, which (i)
parses the request, (ii) invokes specialized logic, and (iii) returns a structured answer to the agent. The agent then
composes a user-facing response. This adaptive tool-use mechanism is especially helpful for tasks that require external
references, chemical data transformations, or precise chemical information, areas where self-contained LLMs often
hallucinate. In the displayed example, Agentic-Tx uses two tools to solve a complex therapeutic task: TxGemma-Chat
and the clinical toxicity prediction tool based on TxGemma-Predict.

using 1000 samples. To compare overall performance between two models across all TDC tasks, we use the
non-parametric Wilcoxon signed-rank test and report the corresponding p-value (details in Appendix C.1).

2.4 Agentic System

One limitation of LLMs for discovery is that, while their prediction capabilities are powerful, they do not have
access to up-to-date external knowledge, such as research articles or domain-specific prediction models. These
knowledge cut-o!s prevent the model from answering questions outside of its training scope. Additionally, some
questions involve multiple reasoning steps to solve, for example, the question “What structural modifications
could improve the potency of the given drug?” requires iteratively searching the drug’s structural space and
then prompting TxGemma to predict potency.
Agentic-Tx, our therapeutics-focused agentic system powered by Gemini 2.5 [18], extends TxGemma’s
capabilities by orchestrating such complex workflows. Agentic-Tx employs a modular, tool-usage paradigm, in
contrast to TxGemma’s direct generation of solutions.
Reasoning and Action Framework Agentic-Tx utilizes the ReAct framework [22], allowing it to interleave
reasoning steps (“thoughts”) with actions (tool use). The agentic system receives a task or question and
iteratively takes actions based on its current context. Each action typically involves using a tool, which

|5

https://arxiv.org/pdf/2504.06196
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aiscientist.tools

1. Select an LLM, whether open or closed. 
2. ToolUniverse links LLM to data, models, tools.


3. AI cancer co-scientist is ready.
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Is there evidence of perineural 
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What can be concluded about T-cell 
(CD3+) infiltration in the tumor center?
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TRUE FALSEA B C D

A B C D E

MTB   ench

FM … for digital pathology 
… incl. H&E and IHC
… for reports, literature, 
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down- 
stream tasks

B
Vasilev, Misrahi, Jain, …, Bunne.  

NeurIPS (2025)

https://openreview.net/pdf?id=anzoPBV4jI
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Figure 3: Accuracy across models and tasks for naive and tool-augmented agents. For multi-modal (a.–c.)
and longitudinal (d.–f.) evaluation. Models equipped with tool access (hatched bars) generally show improved
accuracy, highlighting the benefit of querying external resources in both multi-modal and temporal settings.
when given richer information from related modalities. Outcome and recurrence tasks, which showed
low baseline performance, also benefit modestly from the improved visual reasoning capabilities.

This behavior is also demonstrated through an example: in Example 4, mistralsmall + TOOLS in
contrast to mistralsmall without tools accesses a digital pathology FM for IHC analysis. Despite both
models accessing the same number of modalities, mistralsmall + TOOLS is able to properly address
the question, i.e., which marker is critical in a given pathological analysis.

Results for MTBBench-Longitudinal. Figures 3d–f show that tool access improves performance
across most longitudinal tasks, though gains are generally modest. This is expected, as no specialized
foundation model currently exists for longitudinal clinical reasoning—a key limitation in this track.
Instead, agents rely on general-purpose tools like DrugBank and PubMed, which still provide some
benefit by enriching context and supporting evidence-based decisions. For example, progression and
recurrence predictions improve by over 5% in selected models. Outcome prediction—which already
exhibited strong baseline performance—also sees incremental gains, underscoring the potential of
even generic tools to enhance structured clinical reasoning.

4 Conclusion

MTBBench introduces a benchmark and agentic framework for evaluating AI agents in longitudi-
nal, multi-modal oncology workflows, modeled on the structure of real molecular tumor boards.
By combining temporally evolving patient data, expert-validated clinical questions, and access
to external tools and pretrained foundation models, MTBBench enables a rigorous assessment of
agents’ ability to reason across modalities and time. Our evaluation shows that agents perform
significantly better when equipped to query diverse modalities and leverage domain-specific models,
underscoring the need for flexible, tool-augmented reasoning in clinical AI. MTBBench shifts the
field from static, uni-modal evaluation toward dynamic, decision-centric assessment grounded in
clinical complexity. While MTBBench simulates realistic decision-making, it remains a controlled
offline benchmark—agents are not yet tested in interactive, real-world clinical workflows or exposed
to ambiguous or incomplete inputs requiring clarification or adaptive strategies. Looking forward,
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Vasilev, Misrahi, Jain, …, Bunne.  
NeurIPS (2025)
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transcriptomics at the cell and tissue levels and by linking modalities across scales using matched or weakly paired data 
and perturbation screens (WP3-WP6). Training explicitly leverages multi-technology collections collected across WPs to 
anchor alignment and produce robust FM instantiations. 
Data strategy and scaling. We pretrain and evaluate on public repositories such as TCGA [59], CPTAC [60], JUMP [61], 
DepMap/Project Achilles [62], PRISM [63,64], HubMap [65], Human Protein Atlas (HPA [66]) and Human Cell Atlas (HCA 
[67]) (incl. CellXGene [68]), and large collections of spatial transcriptomics and proteomics data collected as prior work by 
consortium members [24,26,69] and curated from international biomedical science initiatives. We also use data from CGC 
collaborations, including PROSPECT, PROMINENT, and PRECISION, and we continually ingest data generated in WP4-
WP6, with early phases prioritized for alignment and co-registration. We further build on large perturbation screens across 
technologies and modalities (e.g., LINCS [70], Tahoe-100M [71], HPA [34], collaborators) to initialize the generative 
simulators. To provide robust anchors for multimodal generative models and calibration across scales, we invest in partially 
paired cross-modal measurements and in collecting the same perturbations across modalities (for example, imaging-based 
proteomics and targeted Perturb-seq for matched edits). To climb data scaling curves, we selectively generate the highest-
leverage data, including paired cross-modal interventional datasets. 
Deliverables. WP1 delivers an interoperable suite of molecular, cellular, tissue, and patient FMs, plus compact generative 
perturbation simulators, ready for WP2 and for integration with WP3-WP6 data streams. Metrics of success: Success is 
measured by: (1) representations that support high-fidelity annotations on retrospective data (e.g., cell types, clinical labels, 
known biomarkers); (2) cross-modal alignment and practical imputation of missing data across molecular, cell, and tissue 
scales, demonstrated on paired or weakly paired sets; (3) accurate perturbation response predictions across perturbation 
types, modality, and scale; (4) prospective utility in WP3 lab-in-the-loop pilots, evidenced by reduced pilot effort (fewer 
plates or smaller marker panels as FM representations can be robustly initialized with low-cost assays) while maintaining 
target accuracy; and (5) measurable boosts when integrated into WP2 agents (higher plan execution rate, improved hit-rate 
at fixed budget, stable latency within tool budgets) compared to more classic tools. 
 
WP2: AI Co-Scientists Linking Models, Data, and Tools          
Rationale: To make AI co-scientists useful, they must be able to analyze data and run tools, not just act as chatbots 
[1,4,13,72,73]. WP2 builds AI systems for AI co-scientists that autonomously design and execute cancer research 
workflows by linking large language models (LLMs) to a tool layer combining computational pipelines, omics 
workflows, and WP1 models. Agents plan analyses, interpret results, verify reasoning, and abstain when evidence is 
weak, trained with reinforcement learning and soft verifiers that favor biologically sound reasoning [74]. This will turn the AI 
from a text generator into a research partner. 
Preliminary work: Zitnik developed ToolUniverse [13,73], which defines a protocol for how AI co-scientists discover and 
run scientific tools (Figure 4). It defines two operations, Find Tool and Call Tool, that allow co-scientists to use tools 
ranging from bioinformatics packages to databases and simulators. ToolUniverse supports proprietary and open-source 

LLMs, allowing 
collaboration with 
multiple LLM providers 
(closed models such 
as Claude, GPT 
Codex, and ChatGPT, 
and open models such 
as DeepSeek [75], 
Qwen [76], and Llama 
[77], see 
collaboration letters). 
Zitnik developed 
PRISM [72], a multi-
agent system with 
Research Planning, 
Coding, Panel 
Discussion, and 
Literature Review 
agents (Figure 5), and 
tested it on 900+ tasks 
in cancer target 
identification, synthetic 
lethality, and 
immunotherapy 
response prediction. 
 

Figure 4: ToolUniverse, https://aiscientist.tools: an ecosystem for creating AI co-scientists for 
cancer discovery science [13,73]. a. ToolUniverse links LLMs, reasoning models, and agents (any open-
source or closed model) to 600+ scientific tools to perform autonomous research. b. It spans ten tool 
categories, including ML models from WP1, agents from WP2, collaboration and automation tools from WP3, 
and datasets from WP4-6. c. To build AI co-scientists, ToolUniverse defines a protocol for how models 
request and process tools. Its core operations are Find Tool (map natural language to tool specs) and Call 
Tool (run tools and return results). 
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Schmidgall et al., (2025)AgentClinic: a multimodal agent benchmark to evaluate AI in simulated clinical environments

Figure 1 | Running language agents in AgentClinic. (Left) Workflow diagram of agents in AgentClinic.
The doctor agent interacts with tools and agents in order to arrive at a diagnosis. Moderator agent
compares conclusion to ground truth diagnosis at the end of the simulation. (Right) Example dialogue
between agents in the AgentClinic benchmark.

Language agent biases Previous work has indicated that LLMs can display racial biases (Omiye
et al., 2023) and might also lead to incorrect diagnoses due to inaccurate patient feedback (Ziaei &
Schmidgall, 2023). Additionally, it has been found that the presence of prompts which induce cognitive
biases can decrease the diagnostic accuracy of LLMs by as much as 26% (Schmidgall et al., 2024).
The biases presented in this work intend to mimic cognitive biases that a!ect medical practitioners
in clinical settings. However, these biases were quite simple, presenting a cognitive bias snippet at
the beginning of each question (e.g. “Recently, there was a patient with similar symptoms that you
diagnosed with permanent loss of smell"). This form of presentation did not allow for the bias to present
in a realistic way, which is typically subtle and through interaction.

We present clinically relevant biases that have been studied in other works from two categories:
cognitive and implicit biases (Fig. 7). Cognitive biases are systematic patterns of deviation from
rational judgment, such as recency bias, where recent cases disproportionately influence clinical
decisions, or anchoring bias, where early diagnostic impressions overly dictate later assessments.
Implicit biases, on the other hand, are unconscious associations shaped by societal and cultural norms.
These include biases based on race, gender, or socioeconomic status, which can subtly influence the
quality of patient interactions and treatment plans. These biases are introduced by adding context
into the agent’s system prompt instructing them to play out that bias as part of their role. For instance,
to simulate sexual orientation bias, the patient agent receives the prompt: “You are uncomfortable
with your doctor because you find out that they are a particular sexual orientation and you do not trust
their judgement. This a!ects how you interact with them." This is discussed in Appendix A.2.

Building agents for AgentClinic In order to build agents that are grounded in medically relevant
situations, we use a random sample of diagnostic questions from the US Medical Licensing Exam

3

Multi-agent systems!

https://arxiv.org/pdf/2405.07960
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Key shift:  
From “model the world” to “do things in the world”: 
Mapping instruction + multimodal observations → action sequences. 

What becomes challenging?  
Learning grounded, recoverable behavior in a closed loop where 
feedback is delayed and possibly sparse, errors compound, and 
actions must respect affordances and safety.

World models: learn representations and dynamics to predict / imagine future states.


An agent that is situated in an environment and can act, creating a closed perception–action loop.

EMBODIED AGENT
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SIMA 2: A Generalist Embodied Agent for
Virtual Worlds
SIMA Team, Google DeepMind1

We introduce SIMA 2, a generalist embodied agent that understands and acts in a wide variety of 3D
virtual worlds. Built upon a Gemini foundation model, SIMA 2 represents a significant step toward
active, goal-directed interaction within an embodied environment. Unlike prior work (e.g., SIMA 1)
limited to simple language commands, SIMA 2 acts as an interactive partner, capable of reasoning about
high-level goals, conversing with the user, and handling complex instructions given through language
and images. Across a diverse portfolio of games, SIMA 2 substantially closes the gap with human
performance and demonstrates robust generalization to previously unseen environments, all while
retaining the base model’s core reasoning capabilities. Furthermore, we demonstrate a capacity for
open-ended self-improvement: by leveraging Gemini to generate tasks and provide rewards, SIMA 2 can
autonomously learn new skills from scratch in a new environment. This work validates a path toward
creating versatile and continuously learning agents for both virtual and, eventually, physical worlds.

“Can you go check out those 
egg-shaped objects and tell me 
what material they are made of?”

User Prompt

SIMA 2
The user wants me to identify 
the material of egg-shaped 
objects. I need to locate these 
objects first.

Reasoning
“I found the objects.
They appear to be plants 
containing Carbon.”

Agent Response

Dialog, Reasoning, and Embodied Acting Capabilities

Training Environments Held-Out Environments

Improved Performance
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Figure 1 | SIMA 2 is a Gemini-based agent that reasons, acts, and engages in dialogue across diverse
embodied 3D virtual worlds. In the top left panel, we see an example of the agent responding to the
user in No Man’s Sky. As compared with SIMA 1, SIMA 2 is a step-change improvement in embodied
performance, and it is even capable of self-improving in previously unseen environments.

1. Introduction

Foundation models have achieved remarkable success in recent years (Anthropic, 2024; Bai et al.,
2023; Gemini Team et al., 2025; OpenAI, 2023), demonstrating a capacity for complex reasoning

1Please cite as SIMA Team, 2025
Correspondence to: sima2-contact@google.com

© 2025 Google. All rights reserved
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SIMA Team (2025)

Example: Scalable Instructable Multiworld Agent

https://arxiv.org/pdf/2512.04797
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You are an expert video game player. Take a 
look at this image and control the player by 

using actions that look like this: KeyW, 
KeyA, KeyS, KeyD, MouseLeft=<int>, 

MouseRight=<int>
[...]

The video is 1280x720 pixels, running at 30 
fps. You will only see every 10 frames. …[...]

Your goal is to:
“Cook the burger patty”

Prompt

MouseRight=30,KeyD,KeyD,,KeyD,
MouseDown=5,ClickLeft, ...

Reasoning & Dialogue 
Actions 

Reasoning
I appear to be in a kitchen. I see a pan on 
an active hob and two carrots and a 
cutting knife to their right. I need to find 
the burger patty.  Let's look around for it.

“Let's find the burger patty!”

Reasoning
I've found the patty and I'm holding it. 
Next I need to take it to the pan.

“Next let's take the patty in the pan.”

The agent specifies which 
output modalities to generate.

Reasoning
I'm holding the burger over the pan on the 
heat.  I need to release the patty into the pan.

“Alright, I'll put the patty in the pan.”

“Task Complete! 
Awaiting further 
instruction”

Figure 3 | Agent-Environment Interface. The agent receives a prompt that includes the current
instruction. Conditioning on recent frames, the agent outputs internal reasoning, dialogue, and
actions, with the agent specifying which modalities to produce at any given step.

3.2. Agent-Environment Interface

The agent-environment interface, shown in Figure 3, is designed to ensure that the agent perceives
and acts within the game using the same modalities as a human player: visual input and keyboard-
and-mouse actions. The agent does not receive any privileged information from the environment,
such as an underlying state (c.f., Hershey (2025)). This interface manages the flow of information
between the environment and the SIMA 2 agent.

The input to the agent consists of a stream of RGB video frames at a resolution of 720p. Periodically,
the agent receives the latest frame from the environment and adds it to its history, which also includes
the previous natural language inputs as well as the internal reasoning and responses produced by the
agent (see Figure 3). The agent outputs chunks of actions that are then applied to the environment.
The environmental action space emulates a standard human-computer interface, encompassing 96
standard keyboard keys, mouse clicks, and discretized mouse movements representing relative (x,
y) position changes. Instead of predicting discrete action tokens from a predefined set, the agent is
trained via Supervised Fine-Tuning (SFT) to generate a structured text output. This output follows a
specific format that can be deterministically parsed into low-level keyboard and mouse commands, as
well as natural language for dialogue or internal reasoning.

3.3. Data, Agent & Training

At its core, the SIMA 2 agent architecture is a Gemini Flash-Lite model that is trained using a mixture
of gameplay and Gemini pretraining (non-gameplay) data. We found this mixture crucial to maintain
the original capabilities of the base model, such as vision understanding, dialogue, reasoning, and
promptability. Starting from a pretrained Gemini Flash-Lite checkpoint, we perform supervised
finetuning using this mixed dataset, training the model to produce keyboard-and-mouse action
responses when prompted with image frames and an instruction. The gameplay experience data
includes two qualitatively di!erent types of data:

• Human data (Section 3.3.1) are trajectories of post-processed human-collected data, which
make up most of the training data by volume. They include text instructions together with

7

(SIMA)

https://arxiv.org/pdf/2512.04797
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OpenAI Cookbook

Core idea:  
An agent can improve itself by running an automated propose → evaluate → select → update loop.

1. Run baseline agent: execute tasks in the environment and log traces (actions, tool calls, 
failures).


2. Get a training signal: human feedback or LLM-as-judge scores the behavior (success, 
quality, safety).


3. Optimize “what the agent does”:  
propose variants (new prompt or 
policy, tool-use rules, skills, etc.)  
and benchmark them with evals  
→ aggregated score.


4. Update the agent: deploy the best variant  
back into the baseline agent.


How?

https://cookbook.openai.com/examples/partners/self_evolving_agents/autonomous_agent_retraining
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Wang et al., (2025)

Example: Voyager, an Open-Ended Embodied LLM Agent

Published in Transactions on Machine Learning Research (03/2024)

Figure 2: Voyager consists of three key components: an automatic curriculum for open-ended exploration,
a skill library for increasingly complex behaviors, and an iterative prompting mechanism that uses code as
action space.

1 Introduction

Building generally capable embodied agents that continuously explore, plan, and develop new skills in
open-ended worlds is a grand challenge for the AI community (Kolve et al., 2017; Savva et al., 2019; Zhu et al.,
2020; Xia et al., 2019; Shen et al., 2020). Classical approaches employ reinforcement learning (RL) (Kober
et al., 2013; Arulkumaran et al., 2017) and imitation learning (Baker et al., 2022; Team et al., 2021; Vinyals
et al., 2019) that operate on primitive actions, which could be challenging for systematic exploration (Eco!et
et al., 2019; Huizinga & Clune, 2022; Wang et al., 2020; Kanitscheider et al., 2021; Dennis et al., 2020),
interpretability (Liang et al., 2022; Sun et al., 2020; Zhao et al., 2021), and generalization (Jiang et al., 2022;
Shridhar et al., 2021; Fan et al., 2021). Recent advances in large language model (LLM) based agents harness
the world knowledge encapsulated in pre-trained LLMs to generate consistent action plans or executable
policies (Liang et al., 2022; Singh et al., 2022; Jiang et al., 2022). They are applied to embodied tasks like
games and robotics (Fan et al., 2022; Zeng et al., 2022; Ahn et al., 2022; Huang et al., 2022b;a), as well as
NLP tasks without embodiment (Richards, 2023; Yao et al., 2022; Shinn et al., 2023). However, these agents
are not lifelong learners that can progressively acquire, update, accumulate, and transfer knowledge over
extended time spans (Parisi et al., 2019; Wang et al., 2023a).

Let us consider Minecraft as an example. Unlike most other games studied in AI (Mnih et al., 2013; OpenAI
et al., 2019; Vinyals et al., 2019), Minecraft does not impose a predefined end goal or a fixed storyline but
rather provides a unique playground with endless possibilities (Fan et al., 2022). Minecraft requires players
to explore vast, procedurally generated 3D terrains and unlock a tech tree using gathered resources. Human
players typically start by learning the basics, such as mining wood and cooking food, before advancing to
more complex tasks like combating monsters and crafting diamond tools. We argue that an e!ective lifelong
learning agent should have similar capabilities as human players: (1) propose suitable tasks based on its
current skill level and world state, e.g., learn to harvest sand and cactus before iron if it finds itself in a
desert rather than a forest; (2) refine skills based on environmental feedback and commit mastered skills
to memory for future reuse in similar situations (e.g. fighting zombies is similar to fighting spiders); (3)
continually explore the world and seek out new tasks in a self-driven manner.

Towards these goals, we introduce Voyager, the first LLM-powered embodied lifelong learning agent to drive
exploration, master a wide range of skills, and make new discoveries continually without human intervention
in Minecraft. Voyager is made possible through three key modules (Fig. 2): 1) an automatic curriculum
that maximizes exploration; 2) a skill library for storing and retrieving complex behaviors; and 3) a new

2

https://openreview.net/pdf?id=ehfRiF0R3a
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Wang et al., (2025)

Example: Voyager, an Open-Ended Embodied LLM Agent

Published in Transactions on Machine Learning Research (03/2024)

Voyager: An Open-Ended Embodied Agent

with Large Language Models

Guanzhi Wang1 2 !, Yuqi Xie3, Yunfan Jiang4→, Ajay Mandlekar1→,
Chaowei Xiao1 5, Yuke Zhu1 3, Linxi “Jim” Fan1†!, Anima Anandkumar1 2†
1NVIDIA, 2Caltech, 3UT Austin, 4Stanford, 5UW Madison
→Equal contribution †Equal advising ! Corresponding authors
https://voyager.minedojo.org

Reviewed on OpenReview: https://openreview.net/forum?id=ehfRiF0R3a

Abstract

We introduce Voyager, the first LLM-powered embodied lifelong learning agent in Minecraft
that continuously explores the world, acquires diverse skills, and makes novel discoveries
without human intervention. Voyager consists of three key components: 1) an automatic
curriculum that maximizes exploration, 2) an ever-growing skill library of executable code
for storing and retrieving complex behaviors, and 3) a new iterative prompting mechanism
that incorporates environment feedback, execution errors, and self-verification for program
improvement. Voyager interacts with GPT-4 via blackbox queries, which bypasses the need
for model parameter fine-tuning. The skills developed by Voyager are temporally extended,
interpretable, and compositional, which compounds the agent’s abilities rapidly and alleviates
catastrophic forgetting. Empirically, Voyager shows strong in-context lifelong learning
capability and exhibits exceptional proficiency in playing Minecraft. It obtains 3.3→ more
unique items, travels 2.3→ longer distances, and unlocks key tech tree milestones up to 15.3→
faster than prior SOTA. Voyager is able to utilize the learned skill library in a new Minecraft
world to solve novel tasks from scratch, while other techniques struggle to generalize.

Figure 1: Voyager discovers new Minecraft items and skills continually by self-driven exploration, significantly
outperforming the baselines. X-axis denotes the number of prompting iterations. The shaded region represents
the standard deviation of the items acquired by each agent over three experimental runs. Voyager is the only
method that can obtain a diamond tool in one of the three runs.

1

https://openreview.net/pdf?id=ehfRiF0R3a
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Beyond self-evolving agents:  
Not just tuning prompts/skills, but improving the capabilities of the whole AI system over time.

What improves? The agent, its tools, its training data, its world models, an its evaluators,         
                             i.e., better tests, simulators, judges.

Lee et al., (2025)

... e.g., self-improving Transformer, where the 
model iteratively generates its own training 
data and progressively learns from harder 
examples.  

... other approaches use reinforcement 
learning. 

... let’s see what the next years will bring!

Self-Improving Transformers Overcome Easy-to-Hard and Length Generalization Challenges

et al., 2024; Liang et al., 2024), coding (Chen et al., 2023),
and general instruction tuning (Wang et al., 2022b; Yuan
et al., 2024).

Extensive discussion of related works is in Appendix A.

3. Preliminaries and Experimental Setup
In this section, we describe the experimental setup, includ-
ing the model architecture, tasks, training methodology,
evaluation criteria, and the self-improvement framework.

Models We adopt the LLaMA architecture with six layers,
six attention heads, and an embedding dimension of 384
and 14m parameters. We modified the architecture to use
No Positional Encoding (NoPE) proposed in (Kazemnejad
et al., 2024). We use character-level tokenization across
all tasks except for the maze-solving task, where numbers
ranging from 0 to 99 are tokenized as individual tokens.

Tasks We evaluate our approach on a diverse set of tasks,
categorized into arithmetic operations, string manipulation,
and maze solving. All tasks we consider admit a straightfor-
ward notion of difficulty. We denote the difficulty level of a
problem instance x as an integer Difficulty(x). Table 1 pro-
vides examples, difficulty definitions, and relevant sections
of each task.

• Arithmetic operations:
1. Addition : We consider both reverse and forward ad-

dition of two numbers of equal length. In reverse
addition, both operands and the answers are reversed,
so they are written with the least significant digit first.
Forward addition, in contrast, follows the standard
format, with the most significant digit first.

2. Multiplication : Multiplication tasks are presented in
a chain-of-thought (CoT) data format (Deng et al.,
2024), which includes intermediate steps to guide the
computation.

• String manipulation:
1. Copy : Copying the input sequence.
2. Reverse : Reversing the input sequence.

• Maze solving: The task is to solve mazes represented as
tree graphs. Given a tree graph and a specified start node
and end node, the goal is to find the shortest path.

Data Generation and Sampling We generate an initial
supervised training dataset D0 of up to a fixed difficulty
level d0 by uniformly sampling the difficulty level d → d0,
followed by independent sampling of the data conditioned
on the difficulty. Denoting the input as xi, labels as yi,

D0 = {(xi, yi)}N0
i=1, where Difficulty(xi) → d0.

Figure 2. Illustration of our self-improvement procedure. At each
round, the training data is updated with the model’s predictions on
progressively harder problems.

Details on data generation and sampling are provided in
Appendix C.2.

Self-Improvement Framework The self-improvement
framework begins by training a model using the labeled
training dataset D0, which gives us our base model M0.

For each subsequent round r (r = 1, 2, 3, . . . ), we increase
the problem difficulty, such as the number of digits or string
length for arithmetic and string manipulation tasks, or the
number of hops for maze-solving tasks, to dr. Using the
previous model Mr→1, we generate Nr new self-improve
data samples Dr defined as:

Dr = {(xi,Mr→1(xi))}Nr
i=1, dr→1 → Difficulty(xi) → dr

Instead of the true labels yi, we obtain the predicted labels
Mr→1(xi) from the output of the model.

At each self-improvement round r, the model is trained
on the combined dataset D0 ↑ D1 ↑ · · · ↑ Dr→1, which
includes the initial labeled dataset and all subsequent self-
improvement datasets. To ensure sufficient training on the
most recently generated data Dr→1, we up-sample it with
a sampling probability of 50%. The remaining datasets
D0, . . . ,Dr→2 are sampled uniformly at random. This iter-
ative process allows the model to gradually tackle harder
problems, leveraging its own predictions to expand the train-
ing data and improve generalization.

Data Filtering We employ two unsupervised data-
filtering methods to refine our self-improvement dataset:
1) length filtering and 2) majority voting. For a given
self-improved dataset Dr = {(xi,Mr→1(xi))}Nr

i=1 at round
r, data is filtered based on specific criteria on the model-
generated outputs Mr→1(xi), producing a smaller, refined
dataset D̃r = {(xi,Mr→1(xi))}Ñr

i=1.We provide more de-
tails on the motivation and implementation in Section 5.
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Active research area!   

https://openreview.net/pdf?id=ZtX0MBT6mf
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What will AI look like in 2030?

“Scaling is likely to ii  
continue to 2030.”

How Will the Future Look Like?

https://epoch.ai/blog/what-will-ai-look-like-in-2030


Charlotte BunneCS-461  ·  Foundation Models and Generative AI 36

What will AI look like in 2030?

“AI may soon act as a 
research assistant, 
fleshing out proof 

sketches or intuitions. 
Early accounts 

already document AI 
being helpful in 

mathematicians’ work .”

How Will the Future Look Like? math

https://epoch.ai/blog/what-will-ai-look-like-in-2030
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“AI weather prediction can already improve on traditional methods from hours up to weeks.  
  Moreover, AI methods are cost-effective to run, and could improve further with more data.”

How Will the Future Look Like? weather
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Emergent Behavior of Large-Scale AI
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bubble?
Blog Post by 
Julian Schrittwieser

… we are definitely not there yet.
… thought-provoking timeline by AI 2027. 🤯

https://www.julian.ac/blog/2025/09/27/failing-to-understand-the-exponential-again/
https://ai-2027.com
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This Week’s Exercise Sheet

39

You will design an implement an agent loop that coordinates 
interactions between the LLM and tools, handling reasoning, tool 
execution, and iterative feedback until a final answer is produced.

Your goal would be to build and integrate local tools with proper 
schemas, validation, safety mechanisms, and tests.

Further, you will create a local MCP server and integrate local tools 
with it, along with play around with external MCP servers

         Code Notebook 13 .
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CS-461 
Foundation Models and 
Generative AI

It’s a Wrap!


