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    This week focused on unified megakernel decode paths for large MoE models (Kimi K3 and Reflection Beam 501B) across NVIDIA Blackwell GB300 and AMD Instinct MI355X GPUs, custom VM filesystems for high-concurrency agent sandboxes, and elastically deterministic streaming data loaders in PyTorch TorchTitan.
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  Inference & Serving
Hyper-Optimizing Kimi K3 in vLLM: Unified CuTe DSL Decode Megakernels on GB300 & MI355X
vLLM Blog
Serving large MoE architectures at low batch sizes is bottlenecked by kernel launch overhead and all-to-all dispatch latency across multi-GPU nodes. The vLLM team details a unified CuTe DSL decode megakernel on NVIDIA GB300 that fuses attention, MoE routing/expert execution, and cross-GPU communication across 8 or 16 GPUs, reaching 840+ tokens/s at batch size 1 on 16xGB300 with speculative decoding.

In a companion deep-dive on an 8-GPU AMD Instinct MI355X node running AgentX workloads, tuning hipBLASLt MoE grouped GEMMs and custom all-reduce fusions delivered 24.4% higher total tokens/sec per GPU than HGX B300 under a 50 tok/s/user P90 interactivity SLA (87.4% more tokens per dollar).
Takeaway: For latency-critical MoE decode on Blackwell and MI355X, fuse cross-operator communication into a persistent decode megakernel and profile P90 interactivity at 50 tok/s/user rather than unthrottled peak throughput.
Read original · also
Day-0 Serving for Reflection Beam (501B MoE / 23B Active) with DFlash2 Adaptive Speculative Verification
vLLM & Hugging Face
Reflection's Beam is a 501B-parameter open-weights MoE model with 23B active parameters per token tailored for long-horizon coding and agentic tool use. To serve it efficiently on NVIDIA Blackwell from day 0, vLLM combined tensor, data, and expert parallelism with autonomous kernel optimization loops—speeding up batch-1 decode by 2.71x and prefill by 1.87x over the baseline implementation.

Combining Beam's native DFlash2 drafter with adaptive speculative verification allows a single node to sustain high token acceptance rates during structured-output and multi-turn reasoning generation without starving concurrent prefill requests.
Takeaway: Pair 500B+ sparse MoE models (20B–25B active params) with expert parallelism and adaptive draft verification (DFlash2) to keep decode memory-bandwidth utilization high without regressing prefill TTFT.
Read original · also
Step-by-Step FP16 GEMM Kernel Optimization on AMD RDNA 3 and RDNA 4 GPUs
AMD ROCm Blog
Writing high-throughput matrix multiplication (C = A x B) kernels on AMD RDNA 3 and RDNA 4 architectures requires careful balancing of Wave32 WMMA instructions, Local Data Share (LDS) bank conflicts, and VGPR register pressure. This post walks through iterative HIP kernel optimizations, measuring execution time, register allocation, and LDS occupancy at each step.

It highlights why certain tiling and double-buffering strategies that accelerate RDNA 4 can trigger register spilling on RDNA 3, establishing a systematic methodology before porting the pipeline to FP8.
Takeaway: When hand-tuning HIP/ROCm GEMM kernels on RDNA GPUs, track VGPR count and LDS bank conflicts after every tiling change, as Wave32 occupancy drops sharply once per-thread register thresholds are crossed.
Read original
Training & RL
Elastically Deterministic Data Loading in TorchTitan with Zephon
PyTorch Blog
Iterating on data mixtures, filtering rules, and sequence packing during LLM pretraining traditionally requires expensive offline preprocessing passes across petabyte-scale corpora before launching an ablation run. Worse, when node counts change mid-run due to spot preemptions or elastic scaling, standard stateful data loaders either lose exact sample determinism or stall checkpoint recovery.

Zephon integrates directly into PyTorch TorchTitan to provide on-the-fly streaming tokenization, mixture re-weighting, and elastically deterministic checkpointing—guaranteeing the exact same global batch contents regardless of world-size rescaling.
Takeaway: Adopt elastically deterministic streaming data loaders in TorchTitan so data mixture ablations and node-count rescaling never require offline corpus re-materialization or sacrifice training reproducibility.
Read original
Scaling Pretraining to 2.8 Trillion Tokens with a GPU-Accelerated Curation Pipeline
Hugging Face & NVIDIA
Building the 2.8-trillion-token Nemotron-Indic-v1 pretraining dataset across 22 languages required an end-to-end GPU-accelerated curation, OCR extraction, deduplication, and synthetic data generation pipeline. The team details how fuzzy MinHash LSH deduplication, quality classifier filtering, and domain-balanced synthetic rewriting were scaled across GPU clusters to overcome low-resource web crawl noise.
Takeaway: Move fuzzy deduplication and model-based quality scoring onto GPU pipelines early in pretraining corpus construction to iterate on synthetic data mixtures at multi-trillion-token scale.
Read original
Agentic Systems & Infrastructure
Building Sub-Millisecond VM Sandbox Filesystems and Vera CPU Offloading for Agent Rollouts
Modal Engineering
When thousands of RL rollout workers and millions of coding-agent sessions execute tool calls concurrently, container and VM filesystem I/O becomes the primary bottleneck. Modal details the architecture of their custom VM Sandbox filesystem, engineered to eliminate cold-read metadata roundtrips and page-cache thrashing during massive parallel container forks.

Paired with NVIDIA Vera CPUs in their sandbox fleet, host-side environment setup and tool-call execution throughput doubles, keeping GPU inference workers saturated during multi-turn RL training.
Takeaway: Profile filesystem metadata and container fork latency in your RL/agent sandbox fleet; content-addressed copy-on-write caching and high-core-count host CPUs prevent GPU starvation during tool execution.
Read original · also
Scaling Multi-Agent Coding Workflows on NVIDIA GB300 NVL72
NVIDIA Technical Blog
Multi-agent coding workflows generate bursty, highly skewed KV-cache footprints as parallel sub-agents fork from shared repository contexts. This post examines serving open coding models on NVIDIA GB300 NVL72 rack-scale systems, leveraging the 72-GPU NVLink domain for high-bandwidth prefix KV sharing and low-latency expert parallelism across long-context repository sessions.
Takeaway: Exploit rack-scale NVLink domains (NVL72) to share prefix KV caches across forked sub-agent trajectories rather than recomputing repository context per agent worker.
Read original
