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This Week in 90 Seconds EXECUTIVE SUMMARY
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AI & Machine Learning: the boundary moved from 
isolated claims to qualification evidence
13 English articles were reviewed independently from the Japanese edition. Ten themes are retained for management
decisions.

SIGNAL 01 | MODELS & DATA

NVIDIA Vera CPU: Agent Performance and
Throughput vs x86
NVIDIA Vera delivers industry-leading agent speed and 1.6x
more agents per watt compared to the fastest x86 CPUs.

SIGNAL 02 | COMPUTE & DEVICES

LRMs in Clinical Diagnostics:
Accuracy-Safety Trade-off Analysis
Large reasoning models (LRMs) demonstrate higher primary
diagnostic accuracy than standard LLMs but produce 34%
more false positives and 40% lower reproducibility.

SIGNAL 03 | INFRASTRUCTURE

GPT-6 Cyber: OpenAI's security model 
specs and API pricing vs rivals
OpenAI has released GPT-6 Cyber, a specialized security
model capable of uncovering and exploiting software
vulnerabilities with a 48.5% score on ExploitGym.

SIGNAL 04 | DEPLOYMENT

Gait Foundation Model: Predicting
Multisystem Health Phenotypes
Researchers developed a gait foundation model using 3D
skeletal motion to predict health phenotypes across 18 body
systems.

DECISION

Focus this week's management attention on deployable systems, permissions, 
infrastructure and exit readiness. Move only when the linked evidence can be reproduced 
under your own operating conditions.

THREE MANAGEMENT MOVES
1. Buyers: benchmark representative workflows and define permission, audit and shutdown requirements.
2. Suppliers: translate model or hardware capability into workload-level latency, energy, reliability and lifecycle
evidence.
3. Executives: track integration timing, operating cost, neutrality, permissions and measurable workflow outcomes.

EVIDENCE DISCIPLINE
FACT states what the collected English source reports. BUSINESS READ and ACTION are editorial interpretations. UNKNOWN lists
information that the source file does not establish. A linked article is not treated as independent confirmation of every claim.



Five Evidence Anchors SOURCE-BOUND METRICS
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Five numbers or evidence anchors that require conditions

1.6x
A11

SOURCE-BOUND CONDITION

NVIDIA Vera delivers industry-leading agent speed and 1.6x more agents per watt
compared to the fastest x86 CPUs.

34%
A07

SOURCE-BOUND CONDITION

Large reasoning models (LRMs) demonstrate higher primary diagnostic accuracy than
standard LLMs but produce 34% more false positives and 40% lower reproducibility.

48.5%
A10

SOURCE-BOUND CONDITION

OpenAI has released GPT-6 Cyber, a specialized security model capable of uncovering and
exploiting software vulnerabilities with a 48.5% score on ExploitGym.

1 million
A12

SOURCE-BOUND CONDITION

The model supports context windows up to 1 million tokens and utilizes a specialized
attention mechanism to maintain constant core-attention costs.

82%
A13

SOURCE-BOUND CONDITION

The model demonstrates industry-leading performance in cybersecurity, scoring 82% on
the Artificial Analysis Cyber Index for vulnerability reproduction and patching.

HOW TO USE THESE NUMBERS
Each value is shown with the condition stated in the collected English article. Do not compare values across
different test methods, device sizes, operating temperatures or commercial stages without normalizing those
conditions.



Where the Value Chain Moved VALUE CHAIN / EVIDENCE
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Where the value chain moved
Each stage combines one leading theme and one supporting theme. The report treats handoffs as evidence transfers,
not decorative arrows.

1

Models & 
data
P01/P06

NVIDIA Vera delivers
industry-leading agent
speed and 1.6x more
agents per watt
compared to the
fastest x86 CPUs.

2

Compute & 
devices
P02/P07

Large reasoning
models (LRMs)
demonstrate higher
primary diagnostic
accuracy than
standard LLMs but
produce 34% more
false.

3

Infrastructur
e
P03/P08

OpenAI has released
GPT-6 Cyber, a
specialized security
model capable of
uncovering and
exploiting software
vulnerabilities.

4

Deployment
P04/P09

Researchers
developed a gait
foundation model
using 3D skeletal
motion to predict
health phenotypes
across 18 body
systems.

5

Governance
P05/P10

Baidu has released the
weights for ERNIE 5.5
Flash Base, a
280-billion parameter
text-only MoE model
designed for domain.

EVIDENCE REQUIRED AT EACH HANDOFF

Models & data to Compute & 
devices

Transfer test conditions, acceptance criteria, failure data, owner and decision date.
Recheck integration timing, operating cost, neutrality, permissions and measurable
workflow outcomes.

Compute & devices to 
Infrastructure

Transfer test conditions, acceptance criteria, failure data, owner and decision date.
Recheck integration timing, operating cost, neutrality, permissions and measurable
workflow outcomes.

Infrastructure to Deployment Transfer test conditions, acceptance criteria, failure data, owner and decision date.
Recheck integration timing, operating cost, neutrality, permissions and measurable
workflow outcomes.

Deployment to Governance Transfer test conditions, acceptance criteria, failure data, owner and decision date.
Recheck integration timing, operating cost, neutrality, permissions and measurable
workflow outcomes.

COMMON CONTROL POINT

No theme moves to a commercial commitment until a named owner has reproduced the
relevant evidence and documented integration timing, operating cost, neutrality,
permissions and measurable workflow outcomes.



Priority Map MATURITY / NEXT DECISION LOCUS
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Priority map: maturity and next decision locus

Next decision locus (categories)

Deployment maturity →

Research Prototype Joint eval. Adoption Scale

Tech / process

System / adoption

Business / rules P01

P02

P03 P04
P05 P06

P07

P08

P09

P10

P01 NVIDIA Vera CPU: Agent Performance
and Throughput vs x86
Business / rules | cue: capacity

P02 LRMs in Clinical Diagnostics:
Accuracy-Safety Trade-off Analysis
System / adoption | cue: Clinical

P03 GPT-6 Cyber: OpenAI's security 
model specs and API pricing vs rivals
Tech / process | cue: no
system/business cue

P04 Gait Foundation Model: Predicting
Multisystem Health Phenotypes
Tech / process | cue: no
system/business cue

P05 Baidu ERNIE 5.5 Flash Base: Specs,
MoE Architecture and License
Tech / process | cue: no
system/business cue

P06 Mistral Large 4: Specs, MoE
Architecture and Cyber Capabilities
Tech / process | cue: no
system/business cue

P07 Deep Learning Reproducibility:
Riddled Basin Geometry Explained
Tech / process | cue: no
system/business cue

P08 EVLF-FM: Multimodal Medical VLM
with Fine-Grain Explainability
Business / rules | cue: fid

P09 T-Rex AI: Panasonic's VLA model for 
tactile-reactive robotics
System / adoption | cue: partners

P10 DeltaCata: Geometric Deep Learning
for Enzyme Mutation Effects
Tech / process | cue: no
system/business cue

REPRODUCIBLE POSITIONING RULE
Horizontal position uses five discrete stages: Research, Prototype, Joint evaluation, Product adoption and Scale. The vertical
bands classify the next decision locus: Tech / process, System / adoption, or Business / rules (including supply systems).
Article-title cues take precedence; the overview is used only when the title is silent. These are categories, not impact ranks. Bubble
diameter reflects the editorial score.



Priority Themes 01-02 FACT / READ / ACTION / UNKNOWN
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FACT is source-bound. BUSINESS READ, ACTION and UNKNOWN are explicit editorial layers.

P01 NVIDIA Vera CPU: Agent Performance and Throughput vs x86

A11 | Models & data | Product adoption 2026-11-05

FACT
NVIDIA Vera delivers industry-leading agent speed and 1.6x
more agents per watt compared to the fastest x86 CPUs. By
combining high throughput with energy efficiency, it
eliminates the need for providers to mix different x86 parts
to balance speed and capacity.

WHY IT MATTERS
The decision relevance is deployable systems, permissions,
infrastructure and exit readiness. The signal should be
tested at the application and operating-system level, not
accepted from a headline alone.

BUSINESS READ
For operating companies, compare the reported change
with current qualification, sourcing and product-roadmap
assumptions. For suppliers, translate model or hardware
capability into workload-level latency, energy, reliability and
lifecycle evidence.

ACTION
Within 30 days, benchmark representative workflows and
define permission, audit and shutdown requirements;
record the evidence and owner against P01.

UNKNOWN
Still unproven or incompletely stated: integration timing,
operating cost, neutrality, permissions and measurable
workflow outcomes.

EDITORIAL SCORE 20/25 | MATURITY 4/5 | DECISION LOCUS: BUSINESS / RULES

P02 LRMs in Clinical Diagnostics: Accuracy-Safety Trade-off Analysis

A07 | Compute & devices | Research 2026-10-29

FACT
Large reasoning models (LRMs) demonstrate higher primary
diagnostic accuracy than standard LLMs but produce 34%
more false positives and 40% lower reproducibility. A
structured collaboration between LRMs and clinicians can
increase accuracy by 20% and reduce false positives by 44%.
These findings highlight a critical trade-off between
diagnostic coverage and reliability in clinical AI.

WHY IT MATTERS
The decision relevance is deployable systems, permissions,
infrastructure and exit readiness. The signal should be
tested at the application and operating-system level, not
accepted from a headline alone.

BUSINESS READ
For operating companies, compare the reported change
with current qualification, sourcing and product-roadmap
assumptions. For suppliers, translate model or hardware
capability into workload-level latency, energy, reliability and
lifecycle evidence.

ACTION
Within 30 days, benchmark representative workflows and
define permission, audit and shutdown requirements;
record the evidence and owner against P02.

UNKNOWN
Still unproven or incompletely stated: integration timing,
operating cost, neutrality, permissions and measurable
workflow outcomes.

EDITORIAL SCORE 20/25 | MATURITY 1/5 | DECISION LOCUS: SYSTEM / ADOPTION



Priority Themes 03-04 FACT / READ / ACTION / UNKNOWN
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FACT is source-bound. BUSINESS READ, ACTION and UNKNOWN are explicit editorial layers.

P03 GPT-6 Cyber: OpenAI's security model specs and API pricing vs rivals

A10 | Infrastructure | Research 2026-11-05

FACT
OpenAI has released GPT-6 Cyber, a specialized security
model capable of uncovering and exploiting software
vulnerabilities with a 48.5% score on ExploitGym. While
offering significant performance gains over GPT-5.6 Cyber,
its API pricing is substantially higher than competing models
from Anthropic and Google.

WHY IT MATTERS
The decision relevance is deployable systems, permissions,
infrastructure and exit readiness. The signal should be
tested at the application and operating-system level, not
accepted from a headline alone.

BUSINESS READ
For operating companies, compare the reported change
with current qualification, sourcing and product-roadmap
assumptions. For suppliers, translate model or hardware
capability into workload-level latency, energy, reliability and
lifecycle evidence.

ACTION
Within 30 days, benchmark representative workflows and
define permission, audit and shutdown requirements;
record the evidence and owner against P03.

UNKNOWN
Still unproven or incompletely stated: integration timing,
operating cost, neutrality, permissions and measurable
workflow outcomes.

EDITORIAL SCORE 20/25 | MATURITY 1/5 | DECISION LOCUS: TECH / PROCESS

P04 Gait Foundation Model: Predicting Multisystem Health Phenotypes

A05 | Deployment | Pilot 2026-11-06

FACT
Researchers developed a gait foundation model using 3D
skeletal motion to predict health phenotypes across 18 body
systems. The model outperformed engineered features in
predicting age, BMI, and visceral adipose tissue, establishing
gait as a scalable, passive vital sign.

WHY IT MATTERS
The decision relevance is deployable systems, permissions,
infrastructure and exit readiness. The signal should be
tested at the application and operating-system level, not
accepted from a headline alone.

BUSINESS READ
For operating companies, compare the reported change
with current qualification, sourcing and product-roadmap
assumptions. For suppliers, translate model or hardware
capability into workload-level latency, energy, reliability and
lifecycle evidence.

ACTION
Within 30 days, benchmark representative workflows and
define permission, audit and shutdown requirements;
record the evidence and owner against P04.

UNKNOWN
Still unproven or incompletely stated: integration timing,
operating cost, neutrality, permissions and measurable
workflow outcomes.

EDITORIAL SCORE 20/25 | MATURITY 2/5 | DECISION LOCUS: TECH / PROCESS



Priority Themes 05-06 FACT / READ / ACTION / UNKNOWN
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FACT is source-bound. BUSINESS READ, ACTION and UNKNOWN are explicit editorial layers.

P05 Baidu ERNIE 5.5 Flash Base: Specs, MoE Architecture and License

A12 | Governance | Research 2026-11-05

FACT
Baidu has released the weights for ERNIE 5.5 Flash Base, a
280-billion parameter text-only MoE model designed for
domain adaptation and instruction tuning. The model
supports context windows up to 1 million tokens and utilizes
a specialized attention mechanism to maintain constant
core-attention costs.

WHY IT MATTERS
The decision relevance is deployable systems, permissions,
infrastructure and exit readiness. The signal should be
tested at the application and operating-system level, not
accepted from a headline alone.

BUSINESS READ
For operating companies, compare the reported change
with current qualification, sourcing and product-roadmap
assumptions. For suppliers, translate model or hardware
capability into workload-level latency, energy, reliability and
lifecycle evidence.

ACTION
Within 30 days, benchmark representative workflows and
define permission, audit and shutdown requirements;
record the evidence and owner against P05.

UNKNOWN
Still unproven or incompletely stated: integration timing,
operating cost, neutrality, permissions and measurable
workflow outcomes.

EDITORIAL SCORE 19/25 | MATURITY 1/5 | DECISION LOCUS: TECH / PROCESS

P06 Mistral Large 4: Specs, MoE Architecture and Cyber Capabilities

A13 | Models & data | Product adoption 2026-10-29

FACT
Mistral has released Mistral Large 4 (Le Chonk), a
multimodal MoE model featuring 1T total parameters and a
1M token context window. The model demonstrates
industry-leading performance in cybersecurity, scoring 82%
on the Artificial Analysis Cyber Index for vulnerability
reproduction and patching.

WHY IT MATTERS
The decision relevance is deployable systems, permissions,
infrastructure and exit readiness. The signal should be
tested at the application and operating-system level, not
accepted from a headline alone.

BUSINESS READ
For operating companies, compare the reported change
with current qualification, sourcing and product-roadmap
assumptions. For suppliers, translate model or hardware
capability into workload-level latency, energy, reliability and
lifecycle evidence.

ACTION
Within 30 days, benchmark representative workflows and
define permission, audit and shutdown requirements;
record the evidence and owner against P06.

UNKNOWN
Still unproven or incompletely stated: integration timing,
operating cost, neutrality, permissions and measurable
workflow outcomes.

EDITORIAL SCORE 19/25 | MATURITY 4/5 | DECISION LOCUS: TECH / PROCESS



Priority Themes 07-08 FACT / READ / ACTION / UNKNOWN
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FACT is source-bound. BUSINESS READ, ACTION and UNKNOWN are explicit editorial layers.

P07 Deep Learning Reproducibility: Riddled Basin Geometry Explained

A03 | Compute & devices | Pilot 2026-11-05

FACT
Researchers propose riddled basin geometry as the unifying 
mechanism behind the intrinsic unpredictability of deep 
learning training outcomes. The study finds that training 
destinations form a "fat fractal" where increasing 
initialization precision yields only marginal gains in 
predictability. This suggests a fundamental limit to 
reproducibility that persists even when all extrinsic 
randomness is controlled.

WHY IT MATTERS
The decision relevance is deployable systems, permissions,
infrastructure and exit readiness. The signal should be
tested at the application and operating-system level, not
accepted from a headline alone.

BUSINESS READ
For operating companies, compare the reported change
with current qualification, sourcing and product-roadmap
assumptions. For suppliers, translate model or hardware
capability into workload-level latency, energy, reliability and
lifecycle evidence.

ACTION
Within 30 days, benchmark representative workflows and
define permission, audit and shutdown requirements;
record the evidence and owner against P07.

UNKNOWN
Still unproven or incompletely stated: integration timing,
operating cost, neutrality, permissions and measurable
workflow outcomes.

EDITORIAL SCORE 19/25 | MATURITY 2/5 | DECISION LOCUS: TECH / PROCESS

P08 EVLF-FM: Multimodal Medical VLM with Fine-Grain Explainability

A06 | Infrastructure | Research 2026-10-29

FACT
EVLF-FM is a multimodal vision language foundation model 
achieving an average diagnostic accuracy of 0.895 across 10 
imaging modalities. By combining supervised and visual 
reinforcement fine-tuning, the model provides pixel-level 
visual grounding and clinically interpretable reasoning. This 
development addresses the "black box" nature of existing 
medical AI to improve clinician confidence and transparency.

WHY IT MATTERS
The decision relevance is deployable systems, permissions,
infrastructure and exit readiness. The signal should be
tested at the application and operating-system level, not
accepted from a headline alone.

BUSINESS READ
For operating companies, compare the reported change
with current qualification, sourcing and product-roadmap
assumptions. For suppliers, translate model or hardware
capability into workload-level latency, energy, reliability and
lifecycle evidence.

ACTION
Within 30 days, benchmark representative workflows and
define permission, audit and shutdown requirements;
record the evidence and owner against P08.

UNKNOWN
Still unproven or incompletely stated: integration timing,
operating cost, neutrality, permissions and measurable
workflow outcomes.

EDITORIAL SCORE 19/25 | MATURITY 1/5 | DECISION LOCUS: BUSINESS / RULES



Priority Themes 09-10 FACT / READ / ACTION / UNKNOWN
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FACT is source-bound. BUSINESS READ, ACTION and UNKNOWN are explicit editorial layers.

P09 T-Rex AI: Panasonic's VLA model for tactile-reactive robotics

A09 | Deployment | Pilot 2026-11-05

FACT
Panasonic HD and partners developed T-Rex, a
Vision-Language-Action (VLA) model that integrates
fingertip tactile data for dexterous bimanual robot
manipulation. The system achieved a 65% average success
rate across 12 delicate tasks, surpassing existing methods by
30 percentage points.

WHY IT MATTERS
The decision relevance is deployable systems, permissions,
infrastructure and exit readiness. The signal should be
tested at the application and operating-system level, not
accepted from a headline alone.

BUSINESS READ
For operating companies, compare the reported change
with current qualification, sourcing and product-roadmap
assumptions. For suppliers, translate model or hardware
capability into workload-level latency, energy, reliability and
lifecycle evidence.

ACTION
Within 30 days, benchmark representative workflows and
define permission, audit and shutdown requirements;
record the evidence and owner against P09.

UNKNOWN
Still unproven or incompletely stated: integration timing,
operating cost, neutrality, permissions and measurable
workflow outcomes.

EDITORIAL SCORE 19/25 | MATURITY 2/5 | DECISION LOCUS: SYSTEM / ADOPTION

P10 DeltaCata: Geometric Deep Learning for Enzyme Mutation Effects

A08 | Governance | Joint evaluation 2026-11-05

FACT
Researchers have developed DeltaCata, a Siamese
geometric graph neural network that predicts changes in
enzyme kinetic parameters induced by residue
substitutions. The tool achieved up to a 7.0-fold
improvement in catalytic efficiency for in vitro icaritin
synthesis using the methyltransferase sGmOMT2. This
approach enables more effective industrial enzyme
engineering by focusing on mutation effects rather than
absolute values.

WHY IT MATTERS
The decision relevance is deployable systems, permissions,
infrastructure and exit readiness. The signal should be
tested at the application and operating-system level, not
accepted from a headline alone.

BUSINESS READ
For operating companies, compare the reported change
with current qualification, sourcing and product-roadmap
assumptions. For suppliers, translate model or hardware
capability into workload-level latency, energy, reliability and
lifecycle evidence.

ACTION
Within 30 days, benchmark representative workflows and
define permission, audit and shutdown requirements;
record the evidence and owner against P10.

UNKNOWN
Still unproven or incompletely stated: integration timing,
operating cost, neutrality, permissions and measurable
workflow outcomes.

EDITORIAL SCORE 19/25 | MATURITY 3/5 | DECISION LOCUS: TECH / PROCESS



Playbook and Roadmap OWNERS / GATES / DELIVERABLES
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Playbook and 0-5 year roadmap

STAKEHOLDER NOW | 0-30 DAYS NEXT | 1-12 MONTHS LATER | 1-5 YEARS

Operating companies benchmark representative
workflows and define
permission, audit and
shutdown requirements

Run production-like
qualification with explicit
acceptance and stop
criteria.

Build a portfolio and
architecture that can
absorb technology and
supplier changes.

Materials, equipment and
technology suppliers

translate model or
hardware capability into
workload-level latency,
energy, reliability and
lifecycle evidence

Create shared reliability,
process-window and
failure-analysis data with
customers.

Standardize interfaces,
traceability, lifecycle
support and recovery
services.

Trading, investment and
legal teams

Map integration timing,
operating cost, neutrality,
permissions and
measurable workflow
outcomes.

Contract for capacity,
quality, change notice,
liability, alternatives and
exit.

Diversify regional,
technical and customer
concentration risk.

ROADMAP

NOW | 0-30 DAYS

Evidence ledger
Owner: Strategy + quality
Deliverable: claim, source, condition,
owner

NOW | 0-30 DAYS

Risk screen
Owner: Procurement + legal
Deliverable: unknowns, alternatives,
stop

NEXT | 1-12 MONTHS

Joint qualification
Owner: R&D + supplier
Deliverable: process window and
failure data

NEXT | 1-12 MONTHS

Commercial gate
Owner: Business + finance
Deliverable: unit economics and
capacity

LATER | 1-5 YEARS

Platform strategy
Owner: Executive team
Deliverable: portfolio and interface
roadmap

LATER | 1-5 YEARS

Service layer
Owner: Operations + channel
Deliverable: monitoring, maintenance
and recovery

GO / NO-GO GATES

GATE OWNER REQUIRED EVIDENCE NO-GO CONDITION

G1 Evidence Quality Source, test conditions and reproducibility No traceable evidence

G2 Integration R&D Interface, process window and failure analysis Cannot meet system
conditions

G3 Commercial Business Capacity, total cost, contract and alternatives Economics or supply cannot
be supported

G4 Lifecycle Operations Monitoring, maintenance, change notice and exit No accountable operating
plan



Analyzed Articles 1/1 FULL TITLES / FULL SOURCE URLS
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ANALYZED ARTICLES | ITEMS 01-13
Every title and URL is displayed in full. URLs wrap without shortening and remain clickable. A verified-reference label means the
translated HTML did not retain its original source URL.

ID FULL ARTICLE TITLE FULL SOURCE / VERIFIED REFERENCE URL - CLICKABLE

A01 AutoDNA: AI-native autonomous biomolecular engineering
laboratory

https://www.nature.com/articles/s41586-026-11228-6

A02 structRFM: Structure-Guided RNA Foundation Model for 3D
Prediction

https://www.nature.com/articles/s41586-026-11210-2

A03 Deep Learning Reproducibility: Riddled Basin Geometry
Explained

https://www.nature.com/articles/s42256-026-01336-3

A04 EVENET: Event-Level Foundation Model for Collider Data
Analysis

https://www.nature.com/articles/s42256-026-01322-9

A05 Gait Foundation Model: Predicting Multisystem Health
Phenotypes

https://www.nature.com/articles/s41591-026-04724-9

A06 EVLF-FM: Multimodal Medical VLM with Fine-Grain
Explainability

https://www.nature.com/articles/s41591-026-04655-5

A07 LRMs in Clinical Diagnostics: Accuracy-Safety Trade-off
Analysis

https://www.nature.com/articles/s41467-026-78520-x

A08 DeltaCata: Geometric Deep Learning for Enzyme Mutation
Effects

https://www.nature.com/articles/s41467-026-79287-x

A09 T-Rex AI: Panasonic's VLA model for tactile-reactive robotics https://ai.watch.impress.co.jp/docs/news/2153977.html

A10 GPT-6 Cyber: OpenAI's security model specs and API pricing vs 
rivals

https://venturebeat.com/technology/openai-launches-gpt-6-cyber-with-
stronger-exploit-research-and-higher-api-price-than-anthropic-and-goo
gle

A11 NVIDIA Vera CPU: Agent Performance and Throughput vs x86 https://blogs.nvidia.com/blog/vera-cpu-highest-throughput-fastest-age
nts/

A12 Baidu ERNIE 5.5 Flash Base: Specs, MoE Architecture and
License

https://www.unite.ai/baidu-releases-ernie-5-5-flash-base-for-further-trai
ning/

A13 Mistral Large 4: Specs, MoE Architecture and Cyber Capabilities https://huggingface.co/blog/mistral-large4

https://www.nature.com/articles/s41586-026-11228-6
https://www.nature.com/articles/s41586-026-11210-2
https://www.nature.com/articles/s42256-026-01336-3
https://www.nature.com/articles/s42256-026-01322-9
https://www.nature.com/articles/s41591-026-04724-9
https://www.nature.com/articles/s41591-026-04655-5
https://www.nature.com/articles/s41467-026-78520-x
https://www.nature.com/articles/s41467-026-79287-x
https://ai.watch.impress.co.jp/docs/news/2153977.html
https://venturebeat.com/technology/openai-launches-gpt-6-cyber-with-stronger-exploit-research-and-higher-api-price-than-anthropic-and-google
https://venturebeat.com/technology/openai-launches-gpt-6-cyber-with-stronger-exploit-research-and-higher-api-price-than-anthropic-and-google
https://venturebeat.com/technology/openai-launches-gpt-6-cyber-with-stronger-exploit-research-and-higher-api-price-than-anthropic-and-google
https://blogs.nvidia.com/blog/vera-cpu-highest-throughput-fastest-agents/
https://blogs.nvidia.com/blog/vera-cpu-highest-throughput-fastest-agents/
https://www.unite.ai/baidu-releases-ernie-5-5-flash-base-for-further-training/
https://www.unite.ai/baidu-releases-ernie-5-5-flash-base-for-further-training/
https://huggingface.co/blog/mistral-large4
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#01 AutoDNA: AI-native autonomous biomolecular
engineering laboratory

OVERVIEW

AutoDNA is an AI-native laboratory that autonomously orchestrates over 20 types of

instruments across 11,000+ steps for biomolecular operations. The system achieves

expert-level DNA synthesis yields and accelerates protocol execution by 3.2-fold,

establishing a blueprint for "science-as-a-service."

Published November 04, 2026  Nature



IN DEPTH

Key Findings

AutoDNA has demonstrated the ability to execute complex biomolecular engineering

tasks with minimal human intervention. In four representative applications, the system

matched expert-optimized enzymatic DNA synthesis yields and accelerated concurrent

protocol execution by 3.2-fold. Furthermore, it successfully completed an end-to-end

DNA data storage cycle with exact recovery of original digital content and identified and

validated a clinically detected KRAS G13D mutation.

Technical Details

Unlike traditional "add-on" architectures that use AI as a task-specific tool, AutoDNA

utilizes an AI-native design based on the co-design of models, experiments, and

instruments. This end-to-end multi-user framework allows for the co-evolution of the AI

and the automation system. The laboratory autonomously manages more than 20 types

of instruments to perform core nucleic acid operations, including:

Synthesis

Transcription

Amplification

Sequencing

The system executed over 11,000 steps autonomously, restricting human involvement

solely to hardware maintenance tasks such as the replenishment of labware and

reagents.

Background & Context

While autonomous experimental systems have emerged in materials science and

chemical research, they have largely been limited to domains with simple

instrumentation, well-defined workflows, and singular objectives. These limitations often

stem from a lack of global understanding of experiments within the AI architecture,

particularly in engineering-oriented contexts.



Significance & Outlook

By integrating AI natively into the laboratory infrastructure, AutoDNA provides a scalable

model for autonomous scientific exploration. This approach establishes a blueprint for

"science-as-a-service," which is expected to accelerate biological discovery and

advance practical applications in information storage and synthetic biology.

Source: https://www.nature.com/articles/s41586-026-11228-6
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#02 structRFM: Structure-Guided RNA Foundation
Model for 3D Prediction

OVERVIEW

structRFM is a structure-guided RNA foundation model trained on 21 million

sequence-structure pairs to improve functional and structural inference. It achieves

3D prediction performance comparable to AlphaFold3 across CASP15-natural,

CASP16, and RNA-Puzzles. This open-source model enables more robust

generalizable predictions for RNA families and long non-coding RNAs.

Published November 04, 2026  Nature



IN DEPTH

Key Findings

The structRFM model establishes new benchmarks for RNA secondary-structure

prediction and ranks highly in zero-shot homology classification. A key achievement is

the development of Zfold, a tertiary-structure adaptation that consistently improves

three-dimensional predictions and their extracted secondary structures. Performance

metrics for Zfold are comparable to AlphaFold3 across the CASP15-natural, CASP16,

and RNA-Puzzles datasets. Additionally, the model demonstrates improved performance

in function-prediction tasks and generalizes to long non-coding RNAs and newly

released RNA families.

Technical Details

structRFM was trained on 21 million RNA sequence–structure pairs. The architecture

integrates base-pairing interactions into masked language modelling using a pair-

matching operation. To enhance the model, the researchers introduced two specific

mechanisms:

MUSES: A multi-source ensemble of secondary structures designed to mitigate

predictor bias.

Dynamic Masking Ratio: A system that balances nucleotide-level masking with

structure-guided masking.

The model generates joint sequence and structure representations as pairwise,

nucleotide-level, and sequence-level features to allow for broad downstream adaptation.

Background & Context

While RNA language models have utilized large-scale sequence data, RNA function is

fundamentally shaped by hierarchical structure. Previous approaches often relied on

task-specific objectives or noisy annotations, which limited their generalizability. To

address this, structRFM utilizes a massive dataset sourced from RNAcentral v24.0,

Rfam v14.10 and v15.0, PDB, and the NCBI nucleotide (nt) database, among others.



Significance & Outlook

The results highlight the effectiveness of multimodal, structure-guided pre-training for

robust RNA inference. To support further development of RNA foundation models, the

complete 21-million-pair dataset, model weights, and source code have been made

openly available via Zenodo and GitHub.

Source: https://www.nature.com/articles/s41586-026-11210-2
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#03 Deep Learning Reproducibility: Riddled Basin
Geometry Explained

OVERVIEW

Researchers propose riddled basin geometry as the unifying mechanism behind the

intrinsic unpredictability of deep learning training outcomes. The study finds that

training destinations form a "fat fractal" where increasing initialization precision yields

only marginal gains in predictability. This suggests a fundamental limit to

reproducibility that persists even when all extrinsic randomness is controlled.

Published November 05, 2026  Nature Machine Intelligence



IN DEPTH

Key Findings

The study identifies riddled basin geometry as a candidate organizing principle for

irreproducibility in deep learning. The core finding is that basins of attraction in

parameter space are intertwined such that any initialization leading to one solution lies

arbitrarily close to initializations leading to different solutions. This "fat fractal" structure

results in near-zero uncertainty exponents, meaning that even sharp increases in the

precision of initial conditions do not materially improve the predictability of the training

outcome.

Technical Details

To quantify this phenomenon, the researchers utilized the following methods:

Minimal Neural Network Model: Used to analytically establish the route to riddling

by linking symmetries and convergence toward symmetry-induced invariant

subspaces.

Uncertainty Exponents: Adapted from dynamical systems theory to measure fine-

scale fractal structure in parameter space.

Functional Uncertainty Exponents: Introduced to extend diagnostics from

parameter space to the learned functions themselves, using standard measures of

functional similarity.

These signatures of riddling were found to be robust across various tested architectures,

optimizers, regularization methods, and activation functions.

Background & Context

While unpredictability is often attributed to extrinsic stochasticity—such as random

initialization, mini-batch ordering, data augmentation, and GPU numerical errors—

empirical evidence shows that changing a single bit in a parameter can produce

variability comparable to multiple noise sources combined. This differs from "skinny"

fractals of zero Lebesgue measure, where predictability can be recovered by decreasing

uncertainty. Riddling represents a qualitative, outcome-level unpredictability that persists

under arbitrarily small uncertainty, distinguishing it from trajectory-level chaos.



Significance & Outlook

The discovery of riddled basin geometry provides a common dynamical account for

disparate empirical observations regarding AI irreproducibility. By establishing that

certain intrinsic limits constrain the predictability of training, these results have practical

implications for the optimization and reliable deployment of artificial intelligence systems.

Source: https://www.nature.com/articles/s42256-026-01336-3
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#04 EVENET: Event-Level Foundation Model for
Collider Data Analysis

OVERVIEW

EVENET is a foundation model pretrained on 500 million simulated collision events to

provide a reusable backbone for diverse particle physics analyses. It outperforms

state-of-the-art baselines in low-statistics regimes and demonstrates successful

transfer to real experimental data. This approach reduces the need for task-specific

model optimization in high-dimensional collider experiments.

Published October 29, 2026  Nature Machine Intelligence



IN DEPTH

Key Findings

EVENET demonstrates superior performance over established and state-of-the-art

baselines in searches for exotic Higgs decays and heavy resonances, showing particular

strength in low-statistics regimes. The model's utility was validated through the

rediscovery of the ϒ meson using CMS Open Data, confirming its ability to transfer from

simulation to real experimental data. Additionally, the model enables the precise

extraction of quantum-correlation observables that remain stable under tested

systematic variations.

Technical Details

The model is designed as an event-level foundation model that treats each collision as

an unordered particle cloud. It utilizes a shared point–edge transformer backbone to

process variable-length sets of physics objects. Pretraining was conducted on 500

million simulated events using a two-stage strategy that combines self-supervised

learning (SSL) with physics-informed supervision.

EVENET supports multiple interchangeable task heads, including:

Process classification

Object-to-resonance assignment

Final-state segmentation

Diffusion-based reconstruction of undetected or masked particles

Background & Context

High-energy physics, including experiments at the Large Hadron Collider (LHC), Belle II,

and DUNE, generates massive volumes of high-dimensional data. Traditionally,

researchers have relied on task-specific optimization, designing and training separate

models for every new analysis. This paradigm creates significant bottlenecks in expert

effort and computing resources, a challenge expected to intensify with the High-

Luminosity LHC (HL-LHC). While previous foundation model attempts focused on

individual jets or narrow physics processes, EVENET expands this scope to full collision

events.



Significance & Outlook

By shifting from task-specific models to a "pretrain-then-transfer" paradigm, EVENET

establishes a reusable backbone for collider analyses. This reduces the requirement for

extensive labeled data for every new task and minimizes the turnaround time for

downstream adaptation. The investment in a substantial one-time pretraining phase

allows for more efficient analysis across diverse observational regimes, including fully

and partially reconstructed data.

Source: https://www.nature.com/articles/s42256-026-01322-9
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#05 Gait Foundation Model: Predicting Multisystem
Health Phenotypes

OVERVIEW

Researchers developed a gait foundation model using 3D skeletal motion to predict

health phenotypes across 18 body systems. The model outperformed engineered

features in predicting age, BMI, and visceral adipose tissue, establishing gait as a

scalable, passive vital sign.

Published November 06, 2026  Nature Medicine  USA



IN DEPTH

Key Findings

The gait foundation model significantly improved the prediction of health phenotypes

across 18 body systems. When compared to a baseline model using height, age, body

mass index (BMI), and visceral adipose tissue, the gait embeddings improved

predictions in all 18 systems for males and 17 of 18 for females. Additionally, the model

enhanced the prediction of medication use and clinical diagnoses. Out of 3,210 tested

phenotypes, the embeddings significantly predicted 1,887.

Technical Details

The model was developed using 3D skeletal motion data from 3,328 deeply phenotyped

adults, recorded via a single-depth camera during five motor tasks. Unlike conventional

gait analysis that relies on engineered features—such as stride length and cadence—

this model translates movement into learned embeddings. These embeddings are

numerical sets describing the synchronized movement of all body joints over time.

The learned embeddings demonstrated high predictive accuracy for several metrics:

Body mass index: Pearsonʼs r = 0.91

Visceral adipose tissue area: Pearsonʼs r = 0.83

Age: Pearsonʼs r = 0.69

Anatomical ablation analyses further revealed that torso dynamics encode lifestyle and

sleep phenotypes, while leg dynamics dominate predictions for frailty and metabolic

health.

Background & Context

Gait has traditionally been viewed as a symptom of specific pathologies. However, this

research treats it as a systemic biomarker. The study moves beyond simple

measurements to capture the full pattern of human movement, aiming to predict diverse

health indicators such as sleep quality and grip strength.



Significance & Outlook

These findings establish gait as an independent, multisystem biosignal. By

demonstrating that passive 3D motion capture can provide deep insights into systemic

health, the research motivates the integration of gait analysis into routine clinical

assessments as a scalable vital sign.

Source: https://www.nature.com/articles/s41591-026-04724-9
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#06 EVLF-FM: Multimodal Medical VLM with Fine-Grain
Explainability

OVERVIEW

EVLF-FM is a multimodal vision language foundation model achieving an average

diagnostic accuracy of 0.895 across 10 imaging modalities. By combining supervised

and visual reinforcement fine-tuning, the model provides pixel-level visual grounding

and clinically interpretable reasoning. This development addresses the "black box"

nature of existing medical AI to improve clinician confidence and transparency.

Published October 29, 2026  Nature Medicine



IN DEPTH

Key Findings

EVLF-FM outperformed leading generalist and specialist models in internal disease

diagnostics, achieving a highest average accuracy of 0.895. In medical visual grounding

tasks, the model reached an average accuracy at 0.5 intersection over union (Acc@0.5)

of 0.842 across nine modalities. External validation using 13,443 independent samples

from 17 datasets confirmed consistent zero-shot and few-shot performance with

competitive F1 scores, despite the model's smaller size.

Technical Details

The model was trained on a comprehensive corpus of over 1.3 million samples from 18

global datasets. This training spanned six clinical specialties—dermatology, hepatology,

ophthalmology, pathology, pulmonology, and radiology—and 10 imaging modalities,

including CT, MRI, X-ray, ultrasound, PET, histopathology, dermatoscopy, color fundus

photography (CFP), optical coherence tomography (OCT), and endoscopic images. To

ensure clinical interpretability, the developers employed a hybrid training strategy

combining supervised fine-tuning (SFT) and visual reinforcement fine-tuning (RFT).

Human evaluation using the S.C.O.R.E. framework resulted in a mean score of 4.25/5

for reasoning outputs.

Background & Context

Current medical foundation models often suffer from two primary limitations: modality

specificity and a lack of transparency. While unimodal models are performant, they are

computationally expensive to scale. Conversely, multimodal models frequently struggle

with pixel-level precision required for segmentation and visual grounding. Furthermore,

most existing models function as "black boxes," providing plausible narratives rather

than reasoning faithfully aligned with diagnostic evidence.



Significance & Outlook

EVLF-FM integrates broad diagnostic capabilities with the precision of specialist

systems, supporting disease diagnosis, visual question answering (VQA), and pixel-level

visual grounding. While the results demonstrate high clinical interpretability, the authors

note that further validation across diverse healthcare settings is necessary. Prospective

clinical studies are required to evaluate safety, effectiveness, and utility before the model

can be deployed in routine clinical practice.

Source: https://www.nature.com/articles/s41591-026-04655-5
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#07 LRMs in Clinical Diagnostics: Accuracy-Safety
Trade-off Analysis

OVERVIEW

Large reasoning models (LRMs) demonstrate higher primary diagnostic accuracy

than standard LLMs but produce 34% more false positives and 40% lower

reproducibility. A structured collaboration between LRMs and clinicians can increase

accuracy by 20% and reduce false positives by 44%. These findings highlight a

critical trade-off between diagnostic coverage and reliability in clinical AI.

Published October 29, 2026  Nature Communications  China



IN DEPTH

Key Findings

Research conducted on the AIMS-LDR benchmark reveals a significant trade-off

between the accuracy and safety of Large Reasoning Models (LRMs) compared to

standard Large Language Models (LLMs) in clinical diagnostics. While LRMs achieve

more accurate primary diagnoses and provide more clinically relevant differentials, they

generate over 34% more false positive diagnoses and exhibit approximately 40% lower

reproducibility than LLMs.

Technical Details

The study utilized AIMS-LDR, a long-context diagnostic reasoning benchmark based on

real-world electronic health records. The evaluation covered 12 specialties and six

matched model pairs. The observed trade-off between accuracy and safety remained

consistent across various evaluation paradigms, model hyperparameters, and prompt

designs.

To mitigate these risks, the researchers tested a structured collaboration model. In this

framework, the LRM is used to broaden diagnostic coverage, while a clinician verifies

the reliability of the output. A validation study involving 15 physicians demonstrated that

this collaborative approach:

Increased diagnostic accuracy by 20%

Reduced false positives by 44%

Background & Context

The research was supported by the Hong Kong Research Grants Council (grant no.

17207722) and involved contributors from institutions including The University of Hong

Kong, Tsinghua University, Harvard Medical School, Southern University of Science and

Technology, Beijing Institute of Technology, and the University of California, Santa Cruz.

The study utilized de-identified clinical datasets from the eICU Collaborative Research

Database, MIMIC-IV, and the PhysioNet platform.



Significance & Outlook

These results, obtained under controlled retrospective conditions, indicate that while

LRMs offer superior reasoning capabilities for identifying primary diagnoses, their

tendency toward false positives poses a safety risk. The data suggests that pairing LRM

reasoning with physician oversight is essential for safer diagnostic decision-making. The

authors conclude that prospective validation is required before these models can be

deployed in clinical settings.

Source: https://www.nature.com/articles/s41467-026-78520-x
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#08 DeltaCata: Geometric Deep Learning for Enzyme
Mutation Effects

OVERVIEW

Researchers have developed DeltaCata, a Siamese geometric graph neural network

that predicts changes in enzyme kinetic parameters induced by residue substitutions.

The tool achieved up to a 7.0-fold improvement in catalytic efficiency for in vitro

icaritin synthesis using the methyltransferase sGmOMT2. This approach enables

more effective industrial enzyme engineering by focusing on mutation effects rather

than absolute values.

Published November 05, 2026  Nature Communications  China



IN DEPTH

Key Findings

DeltaCata demonstrates substantial performance improvements over existing methods

in predicting mutation-induced changes in kinetic parameters, particularly for enzymes

not present in the training sets. In a practical application to engineer the

methyltransferase sGmOMT2, the model achieved up to a 7.0-fold improvement in

catalytic efficiency for the in vitro synthesis of icaritin. The utility of the system was

further validated through in silico beneficial mutation screening using deep mutational

scanning datasets.

Technical Details

The researchers developed a high-quality enzyme mutation effect dataset by pairing

wild-type and mutant kinetic parameters measured under identical experimental

conditions. This dataset was created using a semi-automatic procedure that combined

manual verification with language model-assisted parsing. DeltaCata utilizes a Siamese

geometric graph neural network to directly model the changes in turnover numbers (Δk

cat) and Michaelis constants (ΔK m) resulting from residue substitutions, leveraging

protein structural geometry to improve accuracy.

Background & Context

Quantifying how mutations affect enzyme kinetic parameters is critical for accelerating

enzyme evolution. Previous computational methods focused on predicting the absolute

values of k cat and K m, but these approaches often failed to accurately capture the

specific effects of mutations. A primary obstacle to developing a direct mutation-effect

model has been the scarcity of training data that pairs wild-type and mutant parameters

under consistent conditions.



Significance & Outlook

By shifting the focus from absolute parameter prediction to the modeling of mutation

effects (Δk cat and ΔK m), DeltaCata addresses a significant gap in enzyme

engineering. The ability to accurately predict the impact of residue substitutions on

catalytic efficiency suggests high potential for the tool's application in industrial enzyme

engineering, where optimizing enzyme performance is essential for efficient chemical

synthesis.

Source: https://www.nature.com/articles/s41467-026-79287-x

Collected: November 07, 2026 | Automated Research System (AI)
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#09 T-Rex AI: Panasonic's VLA model for tactile-
reactive robotics

OVERVIEW

Panasonic HD and partners developed T-Rex, a Vision-Language-Action (VLA)

model that integrates fingertip tactile data for dexterous bimanual robot manipulation.

The system achieved a 65% average success rate across 12 delicate tasks,

surpassing existing methods by 30 percentage points.

Published November 05, 2026  AI Watch（Impress）  Japan



IN DEPTH

Key Findings

Panasonic Holdings, Panasonic R&D Company of America (PRDCA), and researchers

from UC Berkeley, NVIDIA, Stanford University, Roma La Sapienza University, and ItalAI

have developed "Tactile-Reactive Dexterous Manipulation" (T-Rex). This AI enables

robots to perform complex bimanual tasks by integrating tactile feedback into a VLA

model. In evaluations involving 12 types of tasks requiring delicate force control and the

handling of soft objects, T-Rex achieved an average success rate of 65%, which is 30

percentage points higher than existing methods.

Technical Details

T-Rex utilizes a dual-module architecture to balance high-level planning with real-time

adjustments:

Action Generation Module: Processes vision and language data at approximately

5Hz to create the general framework of the movement.

Action Correction Module: Processes tactile data at approximately 20Hz to capture

contact states and perform fine-grained, real-time corrections.

The model was trained on a dataset consisting of over 100 hours of bimanual robot

operation data, comprising more than 7,700 instances. This dataset combines 22 basic

movements with over 200 types of daily household items. Each data point synchronizes

natural language instructions, robot state and action, head and wrist camera footage,

and force/deformation data from 10 fingertip tactile sensors.

Background & Context

The research findings are scheduled for presentation at the Conference on Robot

Learning (CoRL), an international conference on robot learning held in Austin, USA, from

November 9 to 12.



Significance & Outlook

Panasonic intends to apply this technology to industrial and logistics environments.

Target applications include the insertion, removal, and tightening of parts in

manufacturing, as well as the handling of fragile or flexible items in logistics. By enabling

robots to perform tasks requiring precise force adjustments and contact state monitoring,

the company seeks to reduce the burden on human workers and mitigate labor

shortages.

Source: https://ai.watch.impress.co.jp/docs/news/2153977.html
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#10 GPT-6 Cyber: OpenAI's security model specs and
API pricing vs rivals

OVERVIEW

OpenAI has released GPT-6 Cyber, a specialized security model capable of

uncovering and exploiting software vulnerabilities with a 48.5% score on ExploitGym.

While offering significant performance gains over GPT-5.6 Cyber, its API pricing is

substantially higher than competing models from Anthropic and Google.

Published November 05, 2026  VentureBeat  USA



IN DEPTH

Key Findings

GPT-6 Cyber demonstrates a marked increase in exploit research capabilities, achieving

a 48.5% score on ExploitGym compared to 32.1% for GPT-5.6 Cyber. In tests on web

applications without source code access, the model identified 40.3% of vulnerabilities,

surpassing the 32% found by GPT-6 Astra. Furthermore, GPT-6 Cyber completed 95%

of tasks on RemoteExploitBench, a benchmark involving applications such as Jenkins,

PostgreSQL, and GitLab.

Technical Details

A variant of GPT-6 Astra, GPT-6 Cyber underwent additional training for security

investigations. OpenAI utilized reinforcement learning to reward the reproduction of

crashes, the construction of exploits, and the accurate description of results. Under

OpenAI's Preparedness Framework, the model's cybersecurity capability is rated as

"Critical," an increase from the "High" rating assigned to GPT-5.6 Cyber.

Real-world application data shows that researchers using the model reproduced 1,724

Linux kernel vulnerabilities and developed 948 working exploits. In the case of Firefox,

the model identified 81 previously unknown high-severity vulnerabilities and provided

evidence that 30 known issues required higher severity assessments.

Background & Context

Access to GPT-6 Cyber is managed through the gated "Daybreak Red" program, which

requires approval and documentation of specific defensive workflows. As of last month,

OpenAI has enrolled over 2,000 entities across its cybersecurity programs, including the

less restrictive "Daybreak Blue" program used for GPT-6 Astra.



Significance & Outlook

The model carries a premium price point: $20 per million input tokens and $100 per

million output tokens. This represents a 60% increase in input costs and a 33% increase

in output costs compared to GPT-5.6 Cyber. When compared to rivals, GPT-6 Cyber's

base rates are twice those of Anthropic's Claude Mythos 5.1 and five times those of

Google's Gemini 4 Argon Cyber Permissive. While CodeRabbit reports finding 66%

more medium- and high-severity issues on internal benchmarks using GPT-6 Cyber, the

high cost per token remains a primary differentiator against competing cyber models.

Source: https://venturebeat.com/technology/openai-launches-gpt-6-cyber-with-stronger-exploit-research-

and-higher-api-price-than-anthropic-and-google
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#11 NVIDIA Vera CPU: Agent Performance and
Throughput vs x86

OVERVIEW

NVIDIA Vera delivers industry-leading agent speed and 1.6x more agents per watt

compared to the fastest x86 CPUs. By combining high throughput with energy

efficiency, it eliminates the need for providers to mix different x86 parts to balance

speed and capacity.

Published November 05, 2026  NVIDIA Blog  USA



IN DEPTH

Key Findings

NVIDIA Vera outperforms both the fastest and most energy-efficient x86 CPUs in a 100-

megawatt data center comparison. Specifically, Vera provides 1.6x more agents per watt

than the fastest x86 CPU and delivers 2x faster agent speed than the most energy-

efficient x86 CPU.

Technical Details and Partner Benchmarks

Early production-style tests from various partners demonstrate the CPU's performance

across different agentic workloads:

Perplexity: Executed agentic coding tasks 1.5x faster than traditional CPUs.

DeepInfra: Achieved up to 2.2x the speed of the best x86 processor for agentic

orchestration.

Daytona: Brought 1,000 agent sandboxes online in 10.8 seconds, compared to 88.4

seconds with x86, and reached 12.7 completed jobs per second with 2,000

concurrent sandboxes.

Modal: Realized up to 2x sandbox throughput per core versus comparable x86

hardware, with gains increasing under heavy load.

ClickHouse: Scaled near-linearly across 176 cores using a standard binary, topping

the ClickBench hardware leaderboard.

DuckLabs: Reached approximately 1.5x the median TPC-H SF1000 performance of

an Intel Xeon 6 baseline.

Background and Context

AI agents require a constant cycle between GPU reasoning and CPU execution to

perform tasks such as searching for information, querying databases, and writing or

testing code. As AI factories deploy more agents, they face strict power limits. This

necessitates infrastructure that maximizes work per watt to prevent agents from waiting

longer to complete tasks.



Significance and Outlook

The integration of fast performance and high capacity per watt into a single CPU allows

infrastructure providers to support a wide range of agent workloads without mixing and

matching different x86 components. This efficiency is critical for AI factories operating

under power constraints, ensuring higher agent density and faster execution speeds

within the same energy envelope.

Source: https://blogs.nvidia.com/blog/vera-cpu-highest-throughput-fastest-agents/
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#12 Baidu ERNIE 5.5 Flash Base: Specs, MoE
Architecture and License

OVERVIEW

Baidu has released the weights for ERNIE 5.5 Flash Base, a 280-billion parameter

text-only MoE model designed for domain adaptation and instruction tuning. The

model supports context windows up to 1 million tokens and utilizes a specialized

attention mechanism to maintain constant core-attention costs.

Published November 05, 2026  Unite.AI  USA



IN DEPTH

Key Findings

Baidu released ERNIE 5.5 Flash Base on November 5, 2026, providing a pre-training

checkpoint for developers to use in reinforcement-learning research and domain

adaptation. The model is a mixture-of-experts (MoE) architecture with 280 billion total

parameters, of which 14 billion are activated per token. In benchmarks, ERNIE leads in

MMLU and HumanEval+ results, though it trails Hy3 in FullStackBench and DeepSeek in

InfiniteBench.

Technical Details

The architecture consists of 43 layers with a hidden size of 4,096 and 64 attention

heads. To optimize long-context processing, 37 layers employ Heavily Compressed

Attention, while six Multi-head Latent Attention layers use an indexer to preserve token-

level access to full context. Except for the first layer, all layers use MoE blocks with 512

routed experts (10 activated) and one shared expert operating in a 2,048-dimensional

latent space.

Training involved 33.5 trillion tokens using the Muon optimizer and FP8 mixed precision.

While training context was extended to 128K tokens, inference and fine-tuning support

up to 1 million tokens. The training corpus included multilingual web data, software

development records (commits, pull requests, CI-verified fixes), and synthetic retrieval

data. For deployment, Baidu provides the FlashMask repository for Hopper and

Blackwell GPUs, reporting forward pass speed gains of up to 175% over FlashAttention-

4 MaskMod on SM100 hardware.

Background & Context

The model is available in FP8 and BF16 safetensors formats and is compatible with

SGLang and vLLM. NVIDIA's Megatron Bridge provides a supervised fine-tuning

workflow; the full-model recipe requires 16 nodes with four GB300 GPUs per node and

is validated on Blackwell GB200 and GB300 systems.



Significance & Outlook

The release is governed by a custom license that excludes the European Union, United

Kingdom, and South Korea. Commercial use is free for entities with annual revenue at or

below $50 million (requiring "Powered by ERNIE" attribution), while higher revenue

requires separate written authorization. Additionally, the license prohibits using the

model or its outputs to improve unrelated AI systems, restricting distillation and

synthetic-data workflows.

Source: https://www.unite.ai/baidu-releases-ernie-5-5-flash-base-for-further-training/
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#13 Mistral Large 4: Specs, MoE Architecture and
Cyber Capabilities

OVERVIEW

Mistral has released Mistral Large 4 (Le Chonk), a multimodal MoE model featuring

1T total parameters and a 1M token context window. The model demonstrates

industry-leading performance in cybersecurity, scoring 82% on the Artificial Analysis

Cyber Index for vulnerability reproduction and patching.

Published October 29, 2026  Hugging Face Blog  France



IN DEPTH

Key Findings

Mistral Large 4 is a multimodal, multilingual Mixture-of-Experts (MoE) model capable of

processing text and image inputs to generate text. It features approximately 1T total

parameters, with 49B active parameters, and supports a context window of 1M tokens.

As of October 29, 2026, it ranks as the fifth best open weights model on the Artificial

Analysis Intelligence index.

Technical Details

The model's text decoder consists of 72 layers with a hidden dimension of 6,144 and 64

attention heads. The architecture integrates Multi-head Latent Attention (MLA) with a

DeepSeek Sparse Attention (DSA) indexer, where the DSA selects up to 2,048 key

positions per query. The model employs a 3:1 RoPE to NoPE pattern across decoder

layers and utilizes LeRope, a YaRN-scaled RoPE with one learned multiplier per

frequency.

The MoE structure utilizes a softmax router to select four out of 128 experts per token,

plus one shared expert, totaling five active experts per token. For vision, the model uses

a 1.6B Pixtral encoder with 30 layers, a hidden dimension of 2,048, 16 attention heads,

14 x 14 patches, and a patch-merge projector with a spatial merge size of 2.

Cybersecurity and Coding Performance

Mistral Large 4 is specifically optimized for defensive security. It achieved an 82% score

on the Artificial Analysis Cyber Index, outperforming several closed frontier models that

refused the task. It also shows strength in malware analysis and vulnerability

prioritization. In coding, it scored 61.7% on DeepSWE v1.1 and 59.4% on SWE-Atlas-

QnA, with a combined Coding Agent Index score of 49.8%, placing it ahead of Qwen3.8

Max and DeepSeek V4 Pro 0813.



Significance and Outlook

Distributed under the Mistral Ecosystem Open-Weight License, the model allows users

to maintain control over deployment and usage policies, avoiding the filters or API

dependencies of closed-source models. This open-weight nature enables researchers to

build custom systems around proprietary code bases and crash logs, or use TRL to fine-

tune smaller models based on Mistral Large 4 traces.

Source: https://huggingface.co/blog/mistral-large4

Collected: November 07, 2026 | Automated Research System (AI)

https://huggingface.co/blog/mistral-large4

