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Advances and Challenges in Foundation Agents: From Brain-Inspired Intelligence to Evolutionary,
Collaborative, and Safe Systems
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ADvVANCES AND CHALLENGES IN FOUNDATION AGENTS
From Braimn-InspPIRED INTELLIGENCE TO EvOoLuTiONARY, COLLABORATIVE, AND SAFE SYSTEMS
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: L1: well-developed !
] L2: partially developed |
i L3: underexplored i Different Brain Functionalities and Their State of Research in Al (2025)
Figure 1.1: Ilustration of key human brain functionalities grouped by major brain regions, annotated
according to their current exploration level in Al research. This figure highlights existing achievements, gaps,
and potential opportunities for advancing artificial intelligence toward more comprehensive, brain-inspired
capabilities. Please note: The location of a label does not imply that it is associated with or is only associated
with nearby brain regions. Also, to focus on the current state of Al capabilities rather than the anatomy of
the brain, we did not mark the limbic system, subcortical system, hypothalamus, amygdala, and so on in this
lateral view of the brain, though these systems play important roles in brain function.
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Discovering state-of-the-art reinforcement learning algorithms
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Discovering state-of-the-art reinforcement
learning algorithms

https://doi.org/101038/541586-025-09761-x  Junhyuk Oh'**, Gregory Farquhar'?, lurii Kemaev'?, Dan A. Calian'?, Matteo Hessel',
Luisa Zintgraf', Satinder Singh', Hado van Hasselt' & David Silver'™

Received: 11 December 2024
Accepted: 15 October 2025

Humans and other animals use powerful reinforcement learning (RL) mechanisms
that have been discovered by evolution over many generations of trial and error.

By contrast, artificial agents typically learn using handcrafted learning rules. Despite
® Check for updates decades of interest, the goal of autonomously discovering powerful RL algorithms
has proven to be elusive' ®. Here we show that it is possible for machines to discovera
state-of-the-art RL rule that outperforms manually designed rules. This was achieved
by meta-learning from the cumulative experiences of a population of agents across
alarge number of complex environments. Specifically, our method discovers the

RL rule by which the agent’s policy and predictions are updated. Inour large-scale
experiments, the discovered rule surpassed all existing rules on the well-established
Atari benchmark and outperformed a number of state-of-the-art RL algorithms on
challenging benchmarks that it had not seen during discovery. Our findings suggest
that the RL algorithms required for advanced artificial intelligence may soon be
automatically discovered from the experiences of agents, rather than manually
designed.

Published online: 22 October 2025

Open access

ABE

Google DeepMind £ DiscoRL, —MiBIITTFIBARIEERNEIEFMUNGE, RFiL—HEE
BEMMEREESZINEFFHTRE, HITMESRIEEEARIRES. FU, REFHITERFIBIR, BRI
B EFIRATTRECHNAS, NMERZS RS STUNRANETERT. ARSI 2, DiscoRL £
Atari i BEIEAFTIRITIN, FERIMESRIIZRY ProcGen EHkkIHES DIAFITRSTRIN, £

BEr, BEEFRINGEHTRIIAREH—SIRTHZ L.



05

a Discovery b Agent
Action Semantics are meta-learned Pre-defined semantics
A
* Environment & - hl b x
Sample ! . . - "
Improved i Observation- Action-conditioned Auxiliary policy
meta-network Palicy comiiitir_;mad prediction Value prediction
pradiction

n ¥

z q P
a, [{—= == —
G0 00 -G G5 Eoe
5

\Z/

o 2}

T Observation

Environment @

Agent Environment

)

[ Trajectory

Vv

Meta-optimization

Meta-network

€ Meta-network d Meta-optimization
Targets can come from future predictions
2 g # Agent parameters i Meta parameters
Targets o owyi sy
o —— W Y J P '.___T___I ‘\
Meta-network 14 | |
! g LB it & ok
¥ I ' 1 o i 0, i s i
Prediction . A[ ayzg } ™ \‘[ xyzq } Vit vyt v, 0
T T Meta-gradient \"”J{u} = \"ﬂi BV, ()
R = & |
—n+VJ
Time step t t+1 ‘ % 3 il )
Fig.1|Discovering an RL rule from a population ofagents. a, Discovery. meta-network, together with rewards and episode termination indicators from
Multiple agents, interacting with various environments, are trained in parallel the environment (omitted for simplicity in the figure). Using thisinformation,
according to the learning rule, defined by the meta-network. Inthe meantime, the meta-network producestargets forall of the agent’s predictions from the

themeta-networkis optimized to improve the agents’ collective performances.  currentand future time steps. The agent is updated to minimize the prediction
b, Agentarchitecture. An agent producesthe following outputs: (1) apolicy (m),  errorswithrespect totheirtargets. LSTM, long short-term memory. d, Meta-
(2) an observation-conditioned prediction vector (y), (3) action-conditioned optimization. The meta-parameters of the meta-network are updated by taking
predictionvectors(z), (4) actionvalues (q) and (5) anauxiliary policy prediction(p).  ameta-gradientstep calculated from backpropagationthrough the agent’s
The semantics of y and z are determined by the meta-network. ¢, Meta-network  update process (8, + 6,), where the meta-objective is tomaximize the collective
architecture. Atrajectory of the agent’s outputsis givenas input tothe returnsof the agentsin their environments.
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Structure and evolution-guided design of minimal RNA-guided nucleases
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Design of highly functional genome editors
by modelling CRISPR-Cas sequences
h.n.ps:ﬂdnil.prqﬂ0.1035;’541585—025-09293-: jeﬂ:na: A. Rl].lf;uﬂlfo‘t‘ftsp?ﬁnjl'::;f:c:“. J!n:ephftial‘:aqh:r“[ n:g:mmgf::tn:r",‘.?
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PEAERRREE. AlSRIRER Al JLARFRIANARBSENELTE, (BERTREEELINEINER, HSW, 304
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Fig.1|Generation of diverse Cas protein families. a, Overview of the language-
maodelling approachrodesign CRISPR-Cas systems. LMs learn the general
constraints of protein evolution through pretraining on diverse proteins
spanning the evolutionary tree and then are specialized for design by fine-tuning
on Cas protein and nucleic acid data. b, Expansion of the sequence diversity for
45 Cas protein families, measured by the number of clusters (at 70% sequence
identity (70%1D)) for natural proteins and clusters from generated sequences.
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Stacked bars are coloured by the source of the sequences making up their
clusters (CRISPR-Cas Atlas, recovered from CRISPR-Cas mining; generated
Cas, 4 million generated proteins from this study). Heatmap indicates the
natural distribution of each protein family across different types of CRISPR -
Cassystems. ¢, AlphaFold2 was used to predict structures for 2,000 randomly
selected generated proteins. The scatterplot shows the distribution of mean
pLDDT and the %1D to natural proteins from the CRISPR-Cas Atlas.
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Frontis-MA1: Training an Al4Al Model towards Recursive Self-Improvement in Machine Learning
Engineering
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Frontis-MA1: Training an AI4AI Model towards Recursive
Self-Improvement in Machine Learning Engineering

,_, r!' ? 4 ;é {’_{A QPENRSI 2026-07-31

# Tsinghua University

Horizon Research, Frontis.Al Tsinghua University

o Project ) GitHub “ HuggingFace
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BRE—AETFASENIKEERP. LYWW/, /£ MLE-Bench Lite £, OpenMLE-Evo 1GEm#EE Medal
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" ml J 4
released in this work L benchmark [ external learning / feedback path

Figure 2 | Positioning of this work. Left: within AI4Al, machine learning engineering (MLE) is
our task domain; the OpenMLE stack trains and deploys Frontis-MA1, which is both the product
of the stack and its engine, evaluated only on third-party benchmarks. Right: the mechanism
ladder from evolution to recursive self-improvement; the meta-evolutionary loop (orange) places
this work at the level where the improver itself is trained—the level after which Frontis-MA1
(Meta-evolution Agent) is named.
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Paper: https://arxiv.org/abs/2607.28568
Code: https://github.com/FrontisAl/OpenRSI
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Beyond representational alignment with brain-guided language models for robust reasoning
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Article Published: 03 August 2026
Beyond representational alignment with brain-guided

language models for robust reasoning

Mingging Xiao (E8p;5), Kai Du (#t2ll) & & Zhouchen Lin (#HE) &2

Nature Machine Intelligence 8, 1275-1289 (2026) ‘ Cite this article
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A Survey of Agent Memory in the Second Half: Towards Self-Evolving and Long-Horizon Agents
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A Survey of Agent Memory in the Second Half: Towards
Self-Evolving and Long-Horizon Agents

Wei-Chieh Huang', Weizhi Zhang'*, Yueqing Liang?®, Yuanchen Bei®>*, Yankai Chen!:'8*,
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Figure 1: Roadmap of Foundation Agent Memory. A timeline illustrating the trend of foundation
agent memory frameworks released between 2023 and 2025, categorized along two of the three taxonomy
dimensions: memory substrates (internal, external, or mixed) and memory subjects (user- or agent-centric).
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Al4Al at Test-Time: Strong-to-Weak Capability Transfer via Harnesses
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AI4AI at Test-Time: Strong-to-Weak Capability Transfer
via Harnesses

Cheng Qian'-?, Wenting Zhao', Liangwei Yang', Heng Wang'-?, Jielin Qiu', Heng Ji?, Silvio Savarese',
Huan Wang', Shelby Heinecke'
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Stage 1: Recursive Scaffold Building Stage 2: Hidden Evaluation Testing
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Figure 1: Overview of the Strong-to-Weak Scaffolding evaluation framework. During recursive scaffold building, the builder
model iteratively refines a scaffold to improve target-model performance on validation sets. During hidden evaluation testing, the
final scaffold is evaluated on the full hidden test set to measure target-model performance.
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4 families 12 modalities

Pathology - image Symbolic regression - formula  Scientific computing - field Cyclone dynamics - trajectory
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Figure 3. Architecture of the OmniScientist framework. At the top, raw evidence from multiple disciplines enters the
system, categorized into four evidence families (perceptual, symbolic, quantitative, and procedural) and 12 modalities. The
core pipeline consists of three sequential stages. First, the Ideation stage (left) observes materials, searches literature, and
formulates falsifiable hypotheses. Next, the Experiment stage (center) designs tests, executes code, and inspects results to
generate an execution record containing standard output, figures, data, and configurations. Finally, the Writeup stage
(right) selects, grounds, and reports claims supported exclusively by the execution record to compile the final paper. At
the bottom, a lifecycle-wide perception layer provides spatial, temporal, cross-channel, statistical, and dynamic analysis
capabilities. Dashed arrows indicate that these perception tools are available to all three stages of the pipeline.
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A Design pipeline

Structure design Sequence design In silico optimization
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(a) Benchmark composition (b) Task context and patch scale

Scientific domains Task paradigms

= |ssue-driven

= Expert-exploratory
= Engineering-integration

Minimum Mean Maximum

4:% 119
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RS

Atmospheric Science
)
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m Chemistry (n=24)
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Figure 2 Benchmark coverage and scale over 119 tasks. (a) Scientific-domain distribution and task-paradigm composition.
The domain legend reports the task count for each of the 20 domains; the task-paradigm chart contains 52 Issue-driven
tasks (43.7%), 49 Expert-exploratory tasks (41.2%), and 18 Engineering-integration tasks (15.1%). Chemistry is the largest
domain with 24 tasks, followed by Materials Science and Engineering with 16, Biology with 13, Biomedical Engineering
with 12, and Physics with 11. (b) Minimum, mean, and maximum input and reference-patch sizes, shown directly in
horizontal summary bands. Input size is measured as non-empty physical lines in the task code, while Patch + and Patch
— count additions and deletions in the standard reference diff.
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Prompting

Write useful prompts for Chat, ChatGPT Work, and Codex

Prompting overview

Prompting is how you tell ChatGPT what you want to know, make, or change. A prompt can be a question, an instruction,
or a goal. You don't need technical syntax or a rigid formula. Start in your own words, review the response, and use follow-

up messages to shape the result.
A short prompt is often enough. For larger or more important tasks, include the parts that matter:

Goal: What should ChatGPT do?

Context: What information or sources will help?

Output: What format, length, or level of detail do you need?

Boundaries: What must stay unchanged? What should ChatGPT avoid or check with you before it acts?

Use only the parts that help. You don't need to fill in every item or follow a required format.
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Coding All maxed out on thinking effort: max or xhigh.
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Figure 2: The Kimi K3 architecture, organized around token, channel, and layer mixing, with a native vision pathway at the input.
Each block contains three Kimi Delta Attention ( KDA) layers followed by one Gated MLA layer. with each attention layer paired
with a Stable LatentMoE feed-forward network. Attention Residuals (AtnRes) use learned pseudo-queries (wr) to derive attention
weights (o) over the embedding and preceding block outputs, enabling selective information fiow across depth. Top left: the Stable
LatentMoE module with shared and routed experts. Bottom left: the KDA module. Bottom right: the native vision pathway.,
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Figure 1: Overview of the dots tts backbone. BPE text tokens and 6.25 Hz audio-semantic embeddings share a
single LLM stream; each LLM hidden state conditions the AR-FM head to generate the next four-frame VAE-latent
patch, which is fed back through the semantic encoder at the next step. The AudioVAE (Section 2.2) is trained
separately and frozen here.
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Model: https://huggingface.co/dots-studio/dots.tts-base
Code: https://github.com/studio-dots-ai/dots.tts
Collection: https://huggingface.co/collections/dots-studio/dots
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