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Flide: Fast Inference for Decision Models Up to 9.5x Faster Than vLLM and SGLang

Flide is a new inference framework for decision models that achieves up to 9.5x speed improvements over vLLM and SGLang, with support for multiple models and GPU optimizations.

Key points


	Flide uses exact state forking to enable faster inference for decision models.

	It supports a range of models including Jev, KnowLine, and others with image and video inputs.

	Flide is optimized for GPUs like H200, RTX 40 and 50 series, with precompiled kernels.

	It can process 10,000 emails with 8 questions each in 28 seconds on a single H200.

	The framework includes features like session caching, batch invariance, and FP8 quantization.



Why it matters

For software engineers working with AI models, Flide offers a faster and more efficient way to run decision models, which can improve the performance of applications like email triage, customer support, and automated decision-making systems.

Counterpoint

Flide's performance gains are measured on specific hardware like H200 and RTX series GPUs, which may not be accessible to all users, limiting its applicability in environments with different hardware setups.

Sources


	Show HN: Flide: Make Jev-like decision models up to 9.5x faster (Hacker News)



This summary was written by a language model and may contain errors. Read the original for the full story.
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Claude Fable 5.2 Responds to Code Ownership in Prompts

Claude Fable 5.2 behaves differently based on whether it's prompted that the code is its own. When told the code is 'yours', it's more likely to merge repeated code.

Key points


	Claude Fable 5.2 adapts its behavior based on code ownership prompts.

	When prompted that the code is 'yours', the model is more likely to merge repeated code.

	In tests, the model merged repeated code in about half the tries when told the code is its own.

	Without the ownership prompt, the model rarely merged repeated code.

	The prompt 'This codebase is yours: what it's for and how it's built are your call, and you'll keep building on it.' significantly affects output.

	Anthropic's documentation highlights this as a key technique for improving code structure.



Why it matters

As a software engineer using AI tools, understanding how prompts affect model behavior can help you write more effective code and reduce redundancy.

Counterpoint

The results are based on small coding tasks and may not generalize to more complex or real-world scenarios.

Sources


	Quoting Prompting Claude Fable 5.2 (Simon Willison)



This summary was written by a language model and may contain errors. Read the original for the full story.
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Anthropic Releases Fable 5.2 and Mythos 5.2

Anthropic has released Fable 5.2 and Mythos 5.2, with Fable 5.2 now ranked first on Artificial Analysis. The model can generate SVGs of pelicans riding bicycles, though it has a bug where max reasoning fails.

Key points


	Fable 5.2 is ranked first on Artificial Analysis

	Anthropic claims it solved two open problems in black hole physics

	Fable 5.2 can generate SVGs of pelicans riding bicycles

	Max reasoning level fails due to token limit issues

	Pricing is $8/million input and $40/million output

	Fable 5.2 was used to identify the source of a mysterious beep



Why it matters

As a software engineer, you may find Fable 5.2 useful for generating complex visual outputs or debugging issues, though its max reasoning level has known limitations.

Counterpoint

The max reasoning level fails due to token limits, which may limit its usefulness for complex tasks requiring deep analysis.

Sources


	llm-anthropic 0.31 (Simon Willison)



This summary was written by a language model and may contain errors. Read the original for the full story.
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Long-horizon agents and durable execution

Long-horizon agents automate complex, multi-step tasks that span days or weeks, using durable execution to recover from failures. This model ensures progress is preserved even if the process crashes or external systems fail.

Key points


	Long-horizon agents handle tasks that require multiple interactions with people and systems over extended periods.

	Durable execution records each step's result, allowing the program to resume from where it left off after failures.

	The agentic loop includes a goal, tools, state, and a model that selects the next action.

	Tools like Temporal and Cloudflare Workflows implement durable execution by logging steps and replaying them on restart.

	Entity workflows represent business entities like SKUs and manage long-running processes that trigger actions as needed.



Why it matters

Software engineers working with AI tools can benefit from durable execution patterns to build more reliable, long-running agents. This approach reduces the need for custom error handling and makes it easier to manage complex, real-world workflows.

Counterpoint

Durable execution requires careful design of the state and tools, and the overhead of logging and replaying steps may not be worth it for simple or short-lived tasks.

Sources


	Long-horizon agents and durable execution (Martin Fowler)



This summary was written by a language model and may contain errors. Read the original for the full story.
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CodeRabbit scales agentic software development and ships 20x more

CodeRabbit uses OpenAI models to govern and trust AI-generated code, enabling teams to ship 20 times more software with the same resources.

Key points


	CodeRabbit leverages OpenAI models to manage and validate AI-generated code.

	The system allows teams to produce 20 times more software with the same engineering effort.

	Codex is used to generate and deploy code at scale.

	The approach focuses on trust and governance in AI-assisted development.



Why it matters

Software engineers looking to increase productivity and reduce manual effort in code generation and deployment may find value in CodeRabbit's approach to scaling agentic development.

Counterpoint

The effectiveness of this approach depends on the quality and reliability of the AI models used, which may vary across different codebases and domains.

Sources


	CodeRabbit scales agentic software development and ships 20x more (OpenAI)



This summary was written by a language model and may contain errors. Read the original for the full story.
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EngineAgent: Agentizing On-Device LLM Inference Engines

EngineAgent is a new system that automates enabling LLMs on mobile devices by managing cross-layer dependencies and hardware-specific workflows, achieving higher success rates than existing coding agents.

Key points


	EngineAgent separates reusable engine and hardware knowledge from model-specific code.

	It constructs a hierarchy-aware engine index to capture cross-layer dependencies.

	Before enabling a new model, it pre-validates workflows using already supported models.

	A builder coordinates cross-layer changes, while an auditor ensures implementation completeness.

	EngineAgent achieves 75% end-to-end success across 12 tasks, versus 33.3% for a coding-agent baseline.

	It reduces per-task time and model-API cost compared to baselines.



Why it matters

For software engineers working with on-device LLMs, EngineAgent offers a more efficient and reliable way to integrate new models, reducing the complexity and cost of cross-layer system changes.

Counterpoint

EngineAgent's success depends on pre-existing supported models and workflows, which may limit its applicability to new or niche hardware and inference engines.

Sources


	EngineAgent: Agentizing On-Device LLM Inference Engines with Inference Stack Hierarchy Awareness and Hardware Abilities (arXiv)



This summary was written by a language model and may contain errors. Read the original for the full story.
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DEPUTYBENCH: Evaluating Contextual Safety in Enterprise Agents

DEPUTYBENCH is a benchmark for testing enterprise agents' ability to enforce permissions based on context. It shows that models often fail when evidence is missing, even when they perform well with complete information.

Key points


	DEPUTYBENCH includes 79 base items, 375 instances, and paired permission contexts.

	Across 12 models, pooled safety is 88.0% and paired success is 79.1%.

	Missing evidence leads to more restricted execution than explicit non-permission (10.3% vs 3.5%).

	Post-hoc analysis found 61 of 100 masked-condition executions in privacy-related tasks.

	Scorer validation improved from 178 to 266 correctly scored cases out of 284 held-out examples.

	Security experts manually verified ground truth, but stage labels remain LLM-generated.



Why it matters

This study highlights the limitations of AI tools in enterprise settings, especially when dealing with incomplete or masked evidence. For engineers, it underscores the need for robust validation and context-aware systems.

Try this

Implement a small-scale contextual safety check in your internal tools, using a subset of the DEPUTYBENCH tasks to validate how your models handle missing or masked evidence.

Counterpoint

The results are based on a controlled study with specific tasks and models, which may not generalize to all enterprise scenarios.

Sources


	DEPUTYBENCH: Evaluating Contextual Safety in Enterprise Agents (arXiv)



This summary was written by a language model and may contain errors. Read the original for the full story.
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Project Progress Desk: A Tool for Tracking AI Code Projects

Project Progress Desk is a local desktop interface that helps developers track multiple AI code projects by providing an overview of progress, blockers, and decisions. It integrates with Claude Code and Codex to show real-time updates and outcomes.

Key points


	Tracks multiple AI code projects in one interface

	Shows progress, blockers, and pending decisions

	Links outcomes to a weighted acceptance checklist

	Includes simulated projects for demonstration

	Helps users compare earlier approaches and choose next steps



Why it matters

Software engineers using AI tools like Claude Code and Codex often juggle multiple projects. This tool offers a centralized view that can improve productivity and decision-making by making progress and outcomes more transparent.

Counterpoint

The tool is presented as a research prototype, and its effectiveness in real-world workflows has not been widely tested or validated yet.

Sources


	Project Progress Desk: Know Where All Your Claude Code and Codex Projects Stand at a Glance (arXiv)



This summary was written by a language model and may contain errors. Read the original for the full story.
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ExpertCrowd-SWE: Benchmarking Coding Agents on Expert-Authored Tasks

ExpertCrowd-SWE is a new benchmark with 100 software engineering tasks for evaluating coding agents. It includes real-world codebases, reference solutions, and graders that mimic maintainer feedback.

Key points


	The benchmark includes 100 tasks across 87 open-source projects and 11 languages.

	Each task is a change request paired with a reference solution and a grader that awards partial credit.

	Scores are based on weighted, executable criteria and include pass/fail gates.

	Seven frontier models were evaluated, with Claude Opus 5.5 and GPT-6 Astra leading.

	No model solved all tasks, and scores vary widely across models and runs.

	The benchmark includes adversarial patches and alternative control solutions.



Why it matters

This benchmark provides a realistic measure of how well AI coding agents can handle real-world, complex software engineering tasks. It highlights the current limitations and performance gaps between top models.

Counterpoint

The benchmark focuses on tasks from open-source projects, which may not fully represent the diversity of codebases or the complexity of proprietary systems.

Sources


	ExpertCrowd-SWE: Measuring Frontier Coding Agents on Expert-Authored Engineering Tasks in Unfamiliar Codebases (arXiv)



This summary was written by a language model and may contain errors. Read the original for the full story.
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FlowPlan: Reducing the Token Cost of Coding Agents with Abstraction-Guided Planning and Verification

FlowPlan is a new method that reduces token costs for coding agents by working with abstract program representations rather than raw code, improving efficiency without sacrificing repair quality.

Key points


	FlowPlan uses abstraction-guided repair by working with control-flow or data-flow graphs instead of raw source code.

	The agent localizes faults, plans repairs as graph deltas, and verifies the changes before applying them to concrete code.

	It reduces token usage significantly across multiple benchmarks, with up to 0.32x token savings on SWE-bench Verified.

	FlowPlan maintains or improves repair success rates compared to vanilla agents while cutting costs.

	Trajectory analysis shows token savings come from reduced post-edit re-reading and testing, replaced by explicit verification.

	It achieves the largest token reduction in three of six benchmark settings and ties the strongest method in another.



Why it matters

Software engineers using LLM-based coding agents will care because FlowPlan offers a way to cut token costs without sacrificing repair quality, which is critical for running models locally or on modest hardware.

Counterpoint

FlowPlan's effectiveness depends on the ability to accurately construct and verify abstract program representations, which may not always align with the concrete code, potentially introducing new errors.

Sources


	FlowPlan: Reducing the Token Cost of Coding Agents with Abstraction-Guided Planning and Verification (arXiv)



This summary was written by a language model and may contain errors. Read the original for the full story.


Read this on the web


letsmake.ai news, 10 November 2026


Code-Grounded Agentic Explanations for Static Analysis Vulnerability Findings

A new tool called SAFE improves the explainability of static analysis findings by using large language models to provide context-specific explanations without compromising auditability. A user study showed improved usability and actionability.

Key points


	SAFE is an open-source IntelliJ IDEA plugin that explains static analysis findings using large language models.

	The tool separates detection from explanation, keeping auditability while providing contextual explanations.

	A user study with 24 participants showed increased usability and actionability of explanations.

	Explanations are tied to data flow and require the model to consult the repository and the rule that triggered the finding.

	Trust in findings did not improve, but participants found explanations easier to understand.



Why it matters

Software engineers often dismiss static analysis findings due to poor explainability. This tool addresses that by providing clear, context-aware explanations without sacrificing the auditability that makes static analysis defensible.

Counterpoint

Trust in findings did not improve, suggesting that while explanations are clearer, they may not necessarily increase confidence in the validity of the findings.

Sources


	Code-Grounded Agentic Explanations for Static Analysis Vulnerability Findings (arXiv)



This summary was written by a language model and may contain errors. Read the original for the full story.
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SWE-Time: Benchmarking Temporal Repository Understanding

SWE-Time is a new benchmark that evaluates how well AI models understand how code evolves over time in repositories. It tests both retrospective and prospective understanding of code changes, revealing significant gaps in current models.

Key points


	SWE-Time evaluates how models reason about repository evolution over time.

	It tests two directions: retrospective analysis of historical changes and prospective understanding of intended changes.

	The RealWorld-to-Verifiable Construction Framework transforms developer queries into testable tasks.

	15 coding agents were tested on 1,661 cases from 65 GitHub repositories.

	Claude Opus 4.8 achieved the highest score of 61.9 on SWE-Time Avg.

	Historical code evidence and developer intent are critical for accurate understanding.



Why it matters

As software evolves, understanding its history and future intent is crucial for maintenance, debugging, and refactoring. This benchmark highlights how current AI tools struggle with temporal reasoning, which is essential for real-world code understanding.

Counterpoint

The benchmark focuses on GitHub repositories and may not fully represent all codebases or development workflows, limiting its applicability to other environments.

Sources


	SWE-Time: Benchmarking Temporal Repository Understanding (arXiv)



This summary was written by a language model and may contain errors. Read the original for the full story.
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Meta Launches Muse Ember: Smallest and Most Efficient Model Yet

Meta AI has released Muse Ember, their smallest and most efficient model, designed for complex reasoning tasks. It offers competitive pricing and sits on the efficiency frontier of model performance.

Key points


	Muse Ember is Meta's smallest and most efficient model for complex reasoning tasks.

	Pricing is competitive with GPT-6 Luna and Claude Haiku 5.5 for shorter prompts.

	Pricing increases with longer prompts, but Ember remains cost-effective for many use cases.

	Muse Ember sits on the efficiency frontier of the Artificial Analysis leaderboard.

	The model offers six reasoning levels, with visual outputs showing varying quality.



Why it matters

As a software engineer, you may find Muse Ember useful for tasks like coding subtasks, tool calls, and document parsing. Its efficiency and cost structure could make it a compelling alternative to other models in your workflow.

Counterpoint

The visual outputs for reasoning levels don't clearly map to quality, and the model's performance on complex tasks may still require validation.

Sources


	Introducing Our Smallest, Most Efficient Model: Muse Ember (Simon Willison)



This summary was written by a language model and may contain errors. Read the original for the full story.
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Locating the source of a mysterious beep with Claude

A software engineer used Claude Code to build a system that triangulates the source of a mysterious beep using multiple devices. The system identified an old carbon monoxide detector as the source.

Key points


	Claude Code was used to build a Python web app that coordinates multiple devices to locate a beep.

	The system uses WebSockets, WebAudio, and a 60-second audio buffer to detect and triangulate beeps.

	A 'Rough mode' allows users to manually adjust device positions for better accuracy.

	The system can replay recorded sounds to confirm if they match the mysterious beep.

	The project demonstrated how AI tools can be given 'ears' to analyze audio data.

	The system achieved an accuracy of about 40cm in locating the beep.



Why it matters

This story shows how AI tools like Claude can be used to solve real-world problems by integrating with hardware and audio analysis. It also highlights the potential for AI to be given new capabilities, like 'ears', to interact with the physical world.

Counterpoint

The system relies on multiple devices and a stable internet connection, which may not be feasible in all environments.

Sources


	Locating the source of a mysterious beep with Claude (Simon Willison)



This summary was written by a language model and may contain errors. Read the original for the full story.
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Hide your slop PR descriptions behind <details><summary>

A software engineer uses HTML's <details><summary> tags to hide AI-generated PR descriptions, making them more readable and focused.

Key points


	AI-generated PR descriptions are often too detailed and overwhelming.

	Using <details><summary> hides most of the text, showing only a summary by default.

	The summary includes a high-level explanation and sometimes a screenshot.

	The full AI-generated text is hidden but still accessible for deeper reading.

	The author uses the model name and effort level in the summary for clarity.

	The author uses a mnemonic 'details-summary' to remember the tag order.



Why it matters

This technique helps engineers manage the flood of AI-generated PRs by making them more digestible and prioritizing human-curated summaries over lengthy, dense text.

Counterpoint

The approach relies on GitHub's support for <details><summary> in Markdown, which may not be available in all platforms or tools.

Sources


	Hide your slop PR descriptions behind <details><summary> (Simon Willison)



This summary was written by a language model and may contain errors. Read the original for the full story.
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NaiveAI Promises 2,100 Tokens per Second. How Well Does It Code?

Naive-N0.5-Flash is a new AI model designed for fast coding tasks, claiming up to 2,100 tokens per second. Benchmarks show it's faster than some models but less accurate on complex problems.

Key points


	Naive-N0.5-Flash is a new open-weight model from NaiveAI, optimized for speed in coding tasks.

	It's based on Xiaomi's MiMo-V2.5 and uses NaiveRT for inference.

	Benchmarks show it's faster than DeepSeek and GLM models on some tasks but slower on complex ones.

	It scores higher than both models on NL2Repo-Bench but lower on other benchmarks.

	Speed is achieved through speculative decoding and a custom inference engine.



Why it matters

For software engineers using AI for coding, this model offers faster iteration but may not always be the most accurate. It's worth testing if speed is a priority.

Counterpoint

The model's speed comes at the cost of longer reasoning times on complex problems, and its performance metrics are not fully available for comparison.

Sources


	NaiveAI Promises 2,100 Tokens per Second. How Well Does It Code? (Latent Space)



This summary was written by a language model and may contain errors. Read the original for the full story.
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Kuken Industries searches 70 years of drawings in minutes

Kuken Industries uses the OpenAI API to rapidly search through decades of engineering drawings, reducing repair-related lookup time from nearly an hour to just 4.5 minutes.

Key points


	Engineers at Kuken Industries use OpenAI's API to search historical engineering drawings.

	The system can locate a relevant drawing in 4.5 minutes, compared to nearly an hour previously.

	The solution leverages AI to process and retrieve data from a large archive of technical documents.

	This represents a significant improvement in efficiency for maintenance and repair workflows.



Why it matters

For software engineers working with legacy systems or engineering data, this demonstrates how AI can streamline access to historical technical information, reducing time spent on manual searches and improving productivity.

Counterpoint

The effectiveness of this approach depends on the quality and structure of the data being indexed, which may not be feasible for all engineering archives.

Sources


	Kuken Industries searches 70 years of drawings in minutes (OpenAI)



This summary was written by a language model and may contain errors. Read the original for the full story.
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HOPE: Second-Order Expert Pruning for MoE Models

HOPE improves expert pruning in MoE models by considering pairwise interactions, outperforming first-order methods at high pruning rates.

Key points


	HOPE addresses the memory inefficiency of MoE models by pruning experts while preserving cooperative groups.

	It uses a second-order method that captures pairwise expert interactions, improving performance on coding tasks.

	HOPE requires a calibration pass and solves a quadratic program to find the optimal prune-set.

	It outperforms first-order methods like REAP at 50% pruning, especially on agentic coding benchmarks.

	The method is implemented as a package with steps for calibration, solving, and pruning.



Why it matters

Software engineers working with large MoE models can reduce memory usage and improve performance by using HOPE, which preserves cooperative expert groups that are critical for complex tasks like coding.

Counterpoint

HOPE's advantage diminishes at lower pruning rates, and it does not account for cross-layer interactions between experts.

Sources


	Your Experts Have Partners. There's HOPE for Keeping Them Together (Hugging Face)



This summary was written by a language model and may contain errors. Read the original for the full story.
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Comparative Analysis of Agent Evaluation Frameworks: Stability, Detection, and Discovery in Enterprise Analytics Agents

A study compares three evaluation frameworks for LLM-based analytics agents, finding that trace-based evaluation offers the best balance of precision and recall, while adversarial red-teaming is better for uncovering novel risks.

Key points


	Three evaluation frameworks are compared: trace-based LLM judging, text-only LLM judging with red-teaming, and deterministic heuristics.

	Trace-based evaluation achieved the best precision-recall balance (F1=0.90) on known risks, while text-only evaluation had 5x more false alarms.

	Unknown risks were uncovered by combining functional testing and security red-teaming, with no overlap between the two.

	Stability of evaluation frameworks was found to be agent-independent, with 97% of configurations meeting the stability threshold.

	LLM-based evaluation frameworks can detect subtle errors that human reviewers miss.

	The study recommends using two frameworks: trace-based for functional assessment and adversarial red-teaming for security validation.



Why it matters

As enterprises deploy LLM-based analytics agents, reliable evaluation is critical to ensure correctness and security. This study provides actionable insights into which evaluation strategies are most effective for different types of risks.

Counterpoint

The study is limited to a controlled research setting with frozen execution traces, which may not fully represent real-world deployment scenarios.

Sources


	Comparative Analysis of Agent Evaluation Frameworks: Stability, Detection, and Discovery in Enterprise Analytics Agents (arXiv)



This summary was written by a language model and may contain errors. Read the original for the full story.
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Fable 5.2 Retakes #1 LLM Spot Amid Anthropic's IPO Roadshow

Anthropic's Fable 5.2 has reclaimed the top LLM position, outperforming Gemini 4 Carbon and Opus 5.5 in benchmarks. It comes with a 20% price cut per token but higher computational demands.

Key points


	Fable 5.2 is now the top LLM, surpassing Gemini 4 Carbon and Opus 5.5 in most benchmarks.

	Pricing is $8 per million input tokens and $40 per million output tokens, a 20% reduction from Fable 5.1.

	Fable 5.2 generates more test cases and uses subagents for verification, contributing to its performance edge.

	Effort levels like High and XHigh show better efficiency than Max, which underperforms in some benchmarks.

	Subscription access is limited, with Ultra and Team Premium users getting more resets.

	Fable 5.2 is available on multiple platforms including Cursor, GitHub Copilot, and Perplexity.



Why it matters

As a software engineer, you may want to evaluate Fable 5.2 for its performance in complex tasks and cost efficiency, especially if you're working on projects that require high reasoning and code generation capabilities.

Counterpoint

Fable 5.2's Max effort level underperforms in some benchmarks, and its higher computational demands may offset the cost savings, making it less suitable for certain workloads.

Sources


	[AINews] Fable 5.2 retakes World #1 LLM spot as $ANT IPO roadshow begins (Latent Space)



This summary was written by a language model and may contain errors. Read the original for the full story.
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Also noted


	New approach enhances automated software verification with continuous reasoning. (arXiv)

	Study investigates whether coding agents follow explicit instructions in context files. (arXiv)

	New method verifies code generated by AI models using consensus-based testing. (arXiv)

	New tool manages AI agents in shared scientific computing environments. (arXiv)

	Benchmark tests LLMs and agents in enterprise domain-specific languages. (arXiv)

	Benchmark evaluates workflow orchestration in multi-agent LLM systems. (arXiv)

	Tool enables secure and controlled use of AI coding agents with limited resources. (arXiv)

	New method verifies AI-generated RTL code for functional correctness. (arXiv)

	Study explores coordination between LLM agents through shared memory. (arXiv)

	New technique for training code localizers using fixer likelihood scores. (arXiv)

	Causal credit assignment for Verilog code generation via counterfactual verification. (arXiv)

	Modern web primitives reduce reliance on outdated JavaScript in coding agents. (Hacker News)

	DBDelve is an open-source DB client built with Rust and GPUI. (Hacker News)

	Google releases Gemini 4 Carbon with pricing changes and future price increases. (Simon Willison)

	OpenAI shows new ways to work with Codex via voice and cloud integration. (Latent Space)
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