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(https://fengyao.notion.sit

e/off-policy-rl)

https://fengyao.notion.site/off-policy-rl


Root cause of training-rollout mismatch 

● Floating point (especially BF16) numbers have limited precision

(https://arxiv.org/abs/2506.09501)

https://arxiv.org/abs/2506.09501


Root cause of training-rollout mismatch 

● Because of rounding errors, floating-point arithmetic is not associative.

● i.e. (a + b) +c != a + (b + c)

(https://arxiv.org/abs/2506.09501

https://thinkingmachines.ai/blog/defeat

ing-nondeterminism-in-llm-inference/)

https://arxiv.org/abs/2506.09501
https://thinkingmachines.ai/blog/defeating-nondeterminism-in-llm-inference/


Nondeterminism in LLM Inference

● For an LLM forward pass, if the hardware, input batch, and inference 

algorithm is completely fixed, the output is usually deterministic.
○ Reason: concurrent atomic adds are not necessary for the vast majority of kernels

(https://thinkingmachines.ai/blog/

defeating-nondeterminism-in-llm-

inference/)

https://thinkingmachines.ai/blog/defeating-nondeterminism-in-llm-inference/


Nondeterminism in LLM Inference

● Within one (same) GPU:
○ Nondeterminism caused by different batch size, as matmul implementations are not batch-

invariant.

○ i.e. the same input placed in different batches might produce different outputs

(https://thinkingmachines.ai/blog/

defeating-nondeterminism-in-llm-

inference/)

https://thinkingmachines.ai/blog/defeating-nondeterminism-in-llm-inference/


Nondeterminism in LLM Inference

● Across several GPUs:
○ Nondeterminism caused by different 

tensor parallelism (TP) sizes, due to 

different reduction order 

(communication protocol) and varied 

batch size per GPU.

○ i.e. the same batch of inputs split 

across different number of GPUs will 

produce different outputs

(https://arxiv.org/abs/2511.17826)

BIO: batch invariant 

operation

https://arxiv.org/abs/2511.17826


Nondeterminism in LLM Inference

● Different GPU types will also produce different outputs because of kernel 
implementation differences.

○ e.g. H200 is more stable for RL training

(https://yingru.notion.site/When-

Speed-Kills-Stability-Demystifying-RL-

Collapse-from-the-Training-Inference-

Mismatch-

271211a558b7808d8b12d403fd15edd

a)

https://yingru.notion.site/When-Speed-Kills-Stability-Demystifying-RL-Collapse-from-the-Training-Inference-Mismatch-271211a558b7808d8b12d403fd15edda


Example of nondeterministic greedy decoding

(https://arxiv.org/abs/2506.09501)

● Small errors accumulate across long generations …

https://arxiv.org/abs/2506.09501


Accuracy variance

● When evaluate LLMs, using FP32 can greatly reduce numerical instability.
● However, for RL rollouts, we need to use 16 bits for training efficiency, which 

would produce large variance.

(https://arxiv.org/abs/2506.09501)

https://arxiv.org/abs/2506.09501


Why reasoning is more sensitive to numerical instability?

● Token probabilities are similar, small rounding errors change the rank.

● Long CoT

(https://arxiv.org/a

bs/2506.09501)

https://arxiv.org/abs/2506.09501


Training-rollout mismatch in RL

(https://arxiv.org/abs/2511.17826)

https://arxiv.org/abs/2511.17826


Off policy RL due to training-rollout mismatch

● Large gap between vLLM and FSDP probabilities breaks the on-policy assumption of 
REINFORCE-based RL algorithms (e.g. GRPO, DAPO), and hurts their performance.

(https://fengyao.notion.site/off-policy-rl)

https://fengyao.notion.site/off-policy-rl


Off policy RL induce training instability

(https://yingru.notion.site/When-

Speed-Kills-Stability-Demystifying-RL-

Collapse-from-the-Training-Inference-

Mismatch-

271211a558b7808d8b12d403fd15edd

a)

https://yingru.notion.site/When-Speed-Kills-Stability-Demystifying-RL-Collapse-from-the-Training-Inference-Mismatch-271211a558b7808d8b12d403fd15edda


Warning Signs of training-rollout mismatch

● Anomalous fluctuations in the entropy of FSDP policy and rewards.

(https://yingru.notion.site/When-

Speed-Kills-Stability-Demystifying-RL-

Collapse-from-the-Training-Inference-

Mismatch-

271211a558b7808d8b12d403fd15edd

a)

https://yingru.notion.site/When-Speed-Kills-Stability-Demystifying-RL-Collapse-from-the-Training-Inference-Mismatch-271211a558b7808d8b12d403fd15edda


Warning Signs of training-rollout mismatch

● Simultaneous explosion in both the fsdp-ppl metric and the gradient norm

(https://yingru.notion.site/When-

Speed-Kills-Stability-Demystifying-RL-

Collapse-from-the-Training-Inference-

Mismatch-

271211a558b7808d8b12d403fd15edd

a)

https://www.wikiwand.com/en/articles/Perplexity
https://yingru.notion.site/When-Speed-Kills-Stability-Demystifying-RL-Collapse-from-the-Training-Inference-Mismatch-271211a558b7808d8b12d403fd15edda


Causes of training-rollout mismatch in RL

● Compute mismatch between training and inference (matrices dimension 

mismatch)
○ Training: prefill

○ Rollout: prefill + generate + KV cache

● Different parallel strategy (TP mismatch)
○ Training: Fully sharded data parallel (FSDP), layer-wise shard

○ Rollout: tensor parallel (TP), matrix-wise shard

● Framework implementation difference (minor)
○ vLLM v1 engine does not support directly returning the adjusted probabilities used for 

sampling (fixed)

○ vLLM lm_head’s precision does not match that of HuggingFace transformers

https://docs.vllm.ai/en/v0.10.0/usage/v1_guide.html?h=immediately#semantic-changes-to-logprobs
https://discuss.vllm.ai/t/numerical-difference-between-vllm-logprobs-and-huggingface-logprobs/151


Training-rollout compute & parallelism difference

● Training
○ Prefill

○ Data parallelism + layer-wise shard

● Rollout
○ Prefill + KV cache + single token generation

○ Tensor parallelism (matrix-wise shard)

(https://fengyao.notion.site/off-policy-rl)

https://fengyao.notion.site/off-policy-rl


Fixing training-rollout mismatch

● Numerically stable RL algorithm (for MoE)
○ GSPO, SAPO: sequence level importance ratio

○ Router Replay: cache the activated experts

○ Issue: expert-activation volatility of MoE models

● Correct importance sampling ratio
○ Truncated Importance Sampling (TIS)

○ FlashRL: 8Bit Rollouts (vLLM patch)

○ Masked Importance Sampling (MIS)

● Higher floating point precision
○ Use FP16 instead of BF16

○ LayerCast (vLLM patch): optimized FP32 inference pipeline

● Deterministic kernels
○ Batch-invariant kernel

○ TP-invariant kernel: Tree-Based Invariant Kernels (TBIK)

https://arxiv.org/abs/2507.18071
https://arxiv.org/abs/2511.20347
https://arxiv.org/abs/2510.11370
https://fengyao.notion.site/off-policy-rl
https://fengyao.notion.site/flash-rl
https://yingru.notion.site/When-Speed-Kills-Stability-Demystifying-RL-Collapse-from-the-Training-Inference-Mismatch-271211a558b7808d8b12d403fd15edda
https://arxiv.org/abs/2506.09501
https://thinkingmachines.ai/blog/defeating-nondeterminism-in-llm-inference/
https://arxiv.org/abs/2511.17826
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● Lightweight
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Correct importance sampling ratio

● Truncated Importance Sampling (TIS):

Have:

Want:

Approximate:

(https://fengyao.notion.site/off-policy-rl)

https://fengyao.notion.site/off-policy-rl


Truncated Importance Sampling (TIS)

● Improve performance with negligible overhead

● Does not completely close the distribution gap

(https://fengyao.notion.site/off-policy-rl)

https://fengyao.notion.site/off-policy-rl


Speed up with 8bit rollouts

● Vanilla 8bit quantization hurts performance

● FlashRL: use TIS

(https://fengyao.notion.site/flash-rl)

https://fengyao.notion.site/flash-rl


Speed up with 8bit rollouts

● With DAPO and Qwen2.5-32B model, FlashRL INT8 rollout 
○ matches the performance of BF16 rollout with TIS

○ Outperforms naive BF16 rollout (without TIS)

(https://fengyao.notion.site/flash-rl)

https://fengyao.notion.site/flash-rl


Masked Importance Sampling (MIS)

● mask the policy loss for sequences where the IS ratio exceeds the threshold C​

(https://yingru.notion.site/When-

Speed-Kills-Stability-Demystifying-RL-

Collapse-from-the-Training-Inference-

Mismatch-

271211a558b7808d8b12d403fd15edd

a)

https://yingru.notion.site/When-Speed-Kills-Stability-Demystifying-RL-Collapse-from-the-Training-Inference-Mismatch-271211a558b7808d8b12d403fd15edda
https://yingru.notion.site/When-Speed-Kills-Stability-Demystifying-RL-Collapse-from-the-Training-Inference-Mismatch-271211a558b7808d8b12d403fd15edda
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Use higher floating point precision

● FP16 has higher precision than BF16 while has a smaller range
● BF16 is more stable for training (same exponent as FP32), while at inference time 

FP16 gives better precision

(https://arxiv.org/abs/2506.09501)

https://arxiv.org/abs/2506.09501


Use higher floating point precision

● Consider switch to FP16/FP32 when performing rollouts

(https://arxiv.org/abs/2506.09501)

https://arxiv.org/abs/2506.09501


Switch to FP16 for RL training

Loss scaling to keep backpropagation in the range of FP16:

1. The loss is multiplied by a large scaling factor S before backpropagation. 

2. This scales up all gradients by S, shifting small gradient values out of the 

underflow region and into the representable range of FP16, thus preserving them. 

3. Before updating the weights, the gradients are scaled back by dividing S.

(https://arxiv.org/abs/2510.26788)

https://arxiv.org/abs/2510.26788


Switch to FP16 for RL training

(https://arxiv.org/abs/2510.26788)

Verl patch: https://github.com/sail-

sg/Precision-

RL/blob/main/verl_fp16.patch

https://arxiv.org/abs/2510.26788
https://github.com/sail-sg/Precision-RL/blob/main/verl_fp16.patch


Switch to FP32 for inference

● Naively using FP32 doubles the memory usage and inference time compared 

to BF16

● LayerCast
○ Loading the model parameters initially in FP32 precision

○ Explicitly casting all linear layer weights and biases to BF16 for storage before inference

○ As inference runs, upcasting each weight back to FP32 just-in-time for matrix multiplication, 

one at a time.

● Achieve the same stability as FP32, with less memory

● Large inference time overhead (twice) compared to FB16
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GPU A “core” (SM)



Kernel

● A CUDA kernel is a function that runs on the GPU and applied independently to many elements at once.



Batch-invariant kernels

● Parallelize the computation along the batch dimension and making each 

batch element compute independently, which guarantees a fixed 

reduction order regardless of the batch size.

(https://thinkingmachines.ai/blog/

defeating-nondeterminism-in-llm-

inference/)

https://thinkingmachines.ai/blog/defeating-nondeterminism-in-llm-inference/


Tree-Based Invariant Kernels

● By enforcing an identical binary-tree topology for both intra- and inter-GPU 

reductions, the computation order remains consistent across different TP 

sizes.

(https://arxiv.org/abs/2511.17826)

https://arxiv.org/abs/2511.17826


Close the distribution gap

Batch invariant kernel Tree-based invariant kernel

BIO: batch 

invariant 

operation

TIS

(https://arxiv.org/abs/2511.17826

https://arxiv.org/abs/2511.17826

https://thinkingmachines.ai/blog/defeat

ing-nondeterminism-in-llm-inference/)

https://arxiv.org/abs/2511.17826
https://arxiv.org/abs/2511.17826
https://thinkingmachines.ai/blog/defeating-nondeterminism-in-llm-inference/


Large inference time overhead

Batch invariant kernel Tree-based invariant kernel

(https://arxiv.org/abs/2511.17826

https://arxiv.org/abs/2511.17826

https://thinkingmachines.ai/blog/defeat

ing-nondeterminism-in-llm-inference/)

https://arxiv.org/abs/2511.17826
https://arxiv.org/abs/2511.17826
https://thinkingmachines.ai/blog/defeating-nondeterminism-in-llm-inference/


Takeaways

● Root cause of training-rollout mismatch: floating-point arithmetic is not 

associative

● Factors that affect LLM inference outcomes:
○ Batch size

○ Num GPUs/ TP size

○ GPU type  

● Ways to reduce training-rollout mismatch:
○ Importance sampling: lightweight, good performance, still gap

○ Floating point precision choice: better performance at a cost

○ Deterministic kernels: completely close the gap, high overhead (may be greatly optimized in 

the near future)



Thank you!


