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Motivation - Challenges - Solutions 01 WB8AS linear layers — rollout only 02 FP8 KV cache — rollout only 04 MXFP8 — Blackwell's microscaling FP8 format
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Why FP8 for RL rollout? R Static serving calibrates KV scales once at init. In RL the policy moves every step — Hopper FP8 - software blockwise Blackwell MXFPS - hardware microscaling
_ . o Wi; = round(W;; / s;j) € E4M3 - one scale per 128128 block stale scales corrupt the cache. Two per-step recalibration designs:
= Rollout dominates. Generation takes ~80% of synchronous RL iteration time.
32 consecutive E4M3 values

= Long context is memory-bound. 20K-token responses stress KV-cache capacity Weights quantized once per weight sync (static); activations per forward pass infeencersie Gatbraton (e R ! T ——
and bandW|dth, nOt FLOPS (dynam|C) Update Weights f ROLLOUT PHASE ELZN?3 b}ggk m (W ‘(5‘ (1(1 (W(W (5‘ (1(1 (1(1 ‘(5‘
- FP8 attacks both. Half the bytes moved, ~2x GEMM throughput on Hopper Quantized: QKV/O projections, MLP gate/up/down, MoE experts. Kept in high [ l auantdeaantin sofvare (Gesp e powerof-wo scale pr 32 values — 512x finer than 128 128

scales decoded natively by 5th-gen Tensor Cores — zero software dequant
tenSOF cores. preciSion: embedd"’]gs’ norms’ |m_head, MOE router ( TRAINING PHASE } rein et coarse scales — outliers drag 16K values each T ’
* Deployment dividend. A policy trained with FP8 rollouts is already validated at @ Trainer-side Calibration (NeMo-RL) Sles = Microscaling (OCP MX). Every 32 consecutive values share one EBMO0 power-of-two

low precision — paving the way for efficient FP8 production serving.

scale; elements stay E4AM3 — 512x finer-grained than 128x128 blockwise FP8.
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andAdvanages = Decoded in hardware. 5th-gen Tensor Cores apply block scales inside the GEMM — no
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Dense 8B: TIS is the difference-maker

train
Validation accuracy (AIME2024) Train-inference mismatch KL | CALIBRATION PHASE TRAINING PHASE
A = v_scales updated model
Why it's harder than FP8 inference 0.30 o TiS: accliracy dap 0,004 ] —rr—— Recaput £20 0K Scls S—

software dequant pass, ~2x the FP8 GEMM rate of Hopper.

=

. . . — FP8 W8AS8, no TIS
1 Weights change every step. The engine must re-quantize and hot-reload the 0251 0,003 — EPS W8AS f%s (ours)
newest policy at step granularity, for every trainer x engine combination. ' End-to-End MXFP8 — mitigating train-inference mismatch
! . o . . 0.002 - Inference-side calibration Trainer-side calibration
2 FP8 rollout # BF16 trainer policy. Quantization silently makes on-policy RL off- 0.20 - Enai s in its first f A libration chase: | Validation accuracy (AIME2024) 1 Rollout mismatch KL (log scale)
olicy; uncorrected, runs degrade or collapse SR ngine recomputes scales in its first forward dds a calibration phase: recompute scales oo o0 0
P ’ ’ ' | rpelvaas ho TiS 0.001 1 pass after each sync (reset on fresh training data, ship them with the 0.5 noRs: colagess. ~stop . WXFPB E2E. ToRS
0.151 —— FP8WB8A8 + TIS (ours) "\ : calculate_kv_scales). Supports FP8 storage weight sync (~2—3% step time). Currently o 10°{ —— MXFP8 E2E + R3 (ours) /
Our answer — four strategies, each paired with token-level TIS: 50 75 100 125 150 175 200 0 50 100 150 200 only (attention in BF16) or FP8 storage + FP8 supports FP8 storage + FP8 attention. . i Gk
Training step Training step attention. 0.3 10 P
bk Nzl ARSI i iz FP8. : 2 MXFP.8 FP8+TIS tracks BF16 end-to-end. Dropping TIS opens a persistent accuracy gap — at 021 1071
rollout only rollout only rollout + training Blackwell-native ) ) .. ) — BF16 baseline + TIS
identical train-inference mismatch KL. 0.1- e\ hEPB Eoe i _3
—— MXFP8 E2E + R3 (ours) L
R3 pins KL flat (~1.5e-3)
. . 003 50 100 . 150 200 250 300 0 50 100 . 150 200 250 300
: MoE 30B: same accuracy, bigger speedu reining step reining step
Per-step FP8 weight flow y: DIgger sp P +38% +44%
Validation accuracy (AIME2024) Train-inference mismatch KL KV cache FP8 - storage onl Full FP8 rollout BF16 parity end-to-end. MXFP8 rollout + MXFP8 training tracks the BF16 baseline on
g y
; : - attention compute stays BF16 WB8AS linear + FP8 KV storage + FP8 attention AIME2024 — 0.43 vs 0.46 at step 300.
Step 1 Step i+1 04- 0,004 BF16 + TIS
Initialization Phase Training Phase Weight Synchronization Phase Rollout Phase ' —— FP8 W8A8 + TIS (ours) But MoE mismatch grows. Finer-grained quantization amplifies router drift: uncorrected,
— 0.3 KL grows for both: FP8 KV doubles cache capacity — fewer vLLM preemptions, more concurrent sequences. At rollout-vs-trainer KL blows up and accuracy collapses at ~step 300 (red).
Configure inference 0y : §3 FP8 0.003 1 distribution drift (MoE) . , .
engines to use FP8 BF16 Weights BF16 Weights Weights/Scales 20K OSL the 8B workload is capacity-bound, so KV-only FP8 outgains linear W8AS8 alone. Rollout Routing Replay (R3). The trainer replays the expert routing recorded during
reope :> Blockwise :> other unquantized *2] 0.002 1 rollout — KL pinned at ~1.5e-3 and accuracy restored to BF16 level: both the numerics and
Patch specific uentizaton e the outcome recover
methods to support FP8 0.1 — BF16 +TIS |
quantized weight FSDP/Megatron . vlim/SGLang 0.001 1
updating Weights/Scales ool —— FP8 WB8A8 + TIS (ours)
i T 100 200 300 0 100 200 300 400 03 End-to-End FP8 — rollout + training
Rollout results Training step Training step

End-to-End speedup
FP8 W8AS8 + TIS matches BF16 + TIS. KL creeps up in both runs — MoE-inherent train-

Every RL step: BF16 weights from FSDP/Megatron — blockwise FP8 — hot-loaded into inference distribution drift, not an FP8 artifact. Validation accuracy (AIME2024) - Train-inference mismatch KL Rollout generation time (s / step) Actor update time (s / step)
vLLM/SGLang. Activations are quantized dynamically per forward pass. 0.6{ —— BF16 train / BF16 rollout 250, —— BF16 baseline —— BF16 baseline
054 —— FP8 train / FP8 rollout (ours) 5 1 —— MXFP8 E2E (ours) 4 —— MXFP8 E2E (ours)
. ' —— BF16 train / FP8 rollout 4 KL > 5 at step ~680 2004
Rollout speedup (time per token) 041 ) —— BF16 train / BF16 rollout
] 31 —— FP8 train / FP8 rollout (ours) 1501
WOI'kS across the StaCk 03 5 —— BF16 train / FP8 rollout
0 0 0.21 mixed-precision rue‘y i 100-
Training FSDP - Megatron-LM 10—20 /0 30—50 /0 014 collapses .- 1]
. 50 i
Inference vLLM - SGlLang dense Qwen3-8B MoE Qwen3-30B-A3B 0.0 | | | _o{_ . . . . mean 183s — 136s (-25%) 1 mean 46s — 38s (-17%)
8xH100, vLLM 16xH100, vLLM 0 200 400 600 800 0 200 400 600 800 o3 50 100 150 200 250 o3 50 100 150 200 250
Frameworks verl - NVIDIA NeMo-RL Training step Training step Treining step Training step
FP8 GEMM DeepGEMM - CUDA 12.9+ Gains grow with response length. MoE wins 2-3x: larger GEMMs, half the weight traffic, Mixed precision is the unstable point on MoE: BF16-train / FP8-rollout accumulates Qwen3-30B-A3B, 20K OSL, first 250 steps (mean/step): rollout generation 183s — 136s
and freed VRAM that enlarges the KV pool. Keep the MoE router in BF16 — an FP8 router distribution drift until KL > 5 at step ~680 and collapses — TIS alone is not enough. (-25%), actor update 46s — 38s (-17%).
roughly doubles early mismatch KL. Applying FP8 W8AS to linear layers on both sides restores BF16-level stability at ~0.6 on
KV FP8 compounds it (8B, 20K OSL). Doubled cache capacity — fewer vLLM AIME2024.
Evaluation setup (all experiments) preemptions; on the capacity-bound 8B workload, KV-only FP8 outgains linear W8A8
alone.
Models Qwen3-8B-Base (Dense) - Qwen3-30B-A3B-Base (MoE)
The backward pass needs ESM2 range Takeaways
Algorithm DAPO with online AIME2024 validation Gradient norm . Validation accuracy (AIME2024)
Length up to 20K-token responses (long-context stress) + Token-level TIS — used by all four strategies = 5§;§dk-)a;:||\i/|nsefwd+ . / o5, - Up to 44% faster long-context rollout at BF16-level accuracy — dense and MoE,
159 blre BAMS3 fud + bud validated on Hopper.
Hardware 8xH100 (8B) - 16xH100 (30B) - 32xH100 (E2E) 0.41
10 / . = Correction is not optional. Token-level TIS on every FP8 run; MoE routing under
Backends vLLM + FSDP - E2E: vLLM 0.12 + Megatron-Core 0.15 e . MXFP8 additionally needs R3.
Ty (a ‘ S ) _ 2- N |
_ _ TIS . t t 05 | 1255 ~sten 530 - E2E FP8 on Hopper buys stability, not trainer speed. Non-GEMM overhead
Correction token-level TIS, C = 2, on all FP8 runs wt — INin TP3 ; C ; C — 2 0.1 collapse ~step dominates at 8308 the win is lower drift
0.0+ 0.01
Batching: prompt batch 32 x 16 responses (E2E: 128 x 16); train batch = mini-batch, so each 7-‘-0 (a;t ‘ St) 0 100 200 300 400 500 600 0 100 200 300 400 500 600 = MXFP8 makes the loop Blackwell-native. Hardware microscaling end-to-end: -25%
rollout updates the policy exactly once — isolating quantization effects from other off-policy noise. Training step Training step rollout / -17% actor-update step time at BF16 parity.
. . _ _ o _ Pure-E4M3 training collapses at ~step 580. Grad-output profiling pins it on MoE fc1: = Next: NVFP4 rollout, larger models, multi-turn agentic RL.
Reweights policy gradients of FP8-sampled tokens using training-side BF16 log- ~5% of tiles exceed E4M3 range on average (layer 0: ~21%); p99 exceedance jumps 26%

probs — zero rollout-side overhead. — 41% in the collapse window.
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