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Reinforcement Learning Everywhere

Google DeepMind

Challenge Match

»

Google Deep Mind
AlohaG0O defeats world chambi
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Reinforcement Learning in LLM

ChatGPT

- Used Reinforcement Learning with
Human Feedback (RLHF) PPO

Deepseek-R1

- Used GRPO
- Achieved SOTA accuracy with very
limited compute resource
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Reinforcement Learning in LLM - Grok 4

Half of the compute (200k-GPU clusters) is spent on RL!
Another use for the Al Factory
Note the author of the post used to work for NVIDIA!

Ludicrous rate of progress

@ Shengyang Sun & «i

We built 200k-GPU clusters;

We scaled up & curated higher-quality data;
We scaled compute by 100x;

We developed training & test-time recipes;
We made everything RL native;

We stabilized infrastructure and speeded up;

That's how you turn RL into the pre-training scale.
Yet | am always amazed by this figure everytime | see it.
Try Grok-4 and Grok-4-Heavy.

Scaling Training Scaling Test Time

@ no tool @ with tool

Training compute Test-time compute

NVIDIA




What is Reinforcement Learning

environment
~\ Translating that to the world of LLM
" \ - Agent: model

Qsenf ‘,(/ - Action: give a response based on a prompt

- Rewards:
actions - Verifiers - Math, Coding

> - Reward models - any LLMs as a judge
’ - Environment

( rewards - The whole system of prompts and
rewards
observations
€ - n
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Why is Reinforcement Learning so important for LLM

We are approaching limit to data

- Hence unsupervised learning (pretraining), and supervised learning (SFT) will approach flatline in its efficacy

RL is less dependent on data
- LLM can generate data, including thought process i.e. Chain-of-thought reasoning

RL enables exploration learning

machine learning

_A
unsupervised supervised reinforcement
learning learning learning
-
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SOTA Techniques

o SFT

e DPO

e GRPO

e DAPO

e PRIME (upcoming)

Nemo RL

Performance & Scalability

e | ow precision generation -
FP8 and FP4 upcoming

e 4D parallelism

e Long sequence support
via Context Parallelism

and Sequence packing

Ease of Use

e Natively support HF
ecosystem with PyT FSDP2
and vLLM

e Ray for orchestration

e uv to create isolated virtual
environments despite
potentially conflicting

dependencies

NVIDIA



Nemo RL - Multiple training and generation backends for Usability + Scalability

TRTIIm sglLang

‘ Generate Responses

Rewards
Model

Policy Model Refit Ref Model

Train Rewards

NVIDIA CONFIDENTIAL. DO NOT <ANVIDIA
DISTRIBUTE.




Fun.

Algorithm Support
GRPO with Functional Verifier

Actor/Policy Model Functional Verifier Verifier
e s —> Response — Emm—
Initialized from SFT Reward Model Reward
Prompt
Reference Model Response Inference only Iference

Initialized from SFT

Sample N prompts and generate one response for each from the Policy Network

For each (prompt, response) pair, compute (a) the response likelihood under the initial policy, (b) the
verifier reward of the response

Update the Actor to increase the response likelihood when the verifier gives yes, without straying too far
away from the initial policy

Go back to step 1 10

NVIDIA.



Algorithm Support
DPO

Mapping reward functions and optimal policies directly with a simple classification objective.

Trained on Anthropic dataset.

SFT training
Input
Datasets Train SFT
<prompt, Model

Good response>
KL Divergence

DPO training

Input Datasets Train Actor
<prompt, good model Objective function: Maximise {log P(good
response, bad initialized from response) - log P(bad response)}

response> SFT model

NVIDIA.



Ray for Orchestration, Single Controller

@ _

Engineering Highlights

run_grpo.py
single controller)

Head Node

>

Driver

Raylet
Raylet

Scheduler

Object Store

Global Control Store

Ray is an abstraction on top of slurm/k8s that we use for scheduling
It follows the single-controller pattern: driver gives workers instructions

Worker Node (xN)

Worker

Worker

Scheduler

Object Store

12
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Engineering Highlights
Ray + uv

uv is a super fast python package manager

It allows us to quickly create isolated virtual environments for potentially conflicting environments
Ray natively integrates with uv to make it easy to propagate project dependencies to workers

uv keeps our dependencies in sync

# Local run
uv run examples/run grpo.py

# Multi-node run (same UX)
uv run examples/run grpo.py

13 NVIDIA



NeMo RL (abstractions)

“RL Actor’s “Workers”
AN -~ AN

4 )
p R N RayVirtualCluster 0
PolicyWorker 0

» ( GPUO J
Policy Model RayWorker ) )
= Holds == Controls PolicyWorker 1
(HF/MCore) Group J ooaed [ _— ]
D Co-locate
PolicyWorker N > ?

\ J )
( N N E
GenWorker 0 :
Polic /
¥ RayWorker )
Generation e HoldlS =—p Controls GenWorker 1 [ GPUN ]
Group J . J
(VLLM, TRTLLM) ~ > 4
GenWorker N ) ( GPUN + 1 ]
-

(" )
GenWorker 0 E
Reward Model, RayWorker )
Critic, etc o= Grou B ) [ GPU N+M ]
(NG, E1e: & GenWorker M

) RayVirtualCluster 1J
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Motivation for tracking logprob error

On-policy RL requires the inference policy implementation to match the training model
implementation

Training can be unstable, or collapse, if this difference is too large

NeMo RL measures this deviation throughout training by calculating the log probability error

token
l Z p (||logprobs-train-fwk; — logprobs-inference-fwk,||)
n

i—1

Ideally close to 1.0, anything beyond 1.05 is considered “large” and warrants investigation
Simple metric has caught many bugs!

NVIDIA



Motivation for tracking logprob error

train/token_mult_prob_error

Qwen2-1.5B divergence caught with our metric
Training for a few steps did not catch this
(needed >600 steps)

Without metric, just appears as poor choice of
hyperparameters

Root caused to tied-embedding configuration
difference between training and inference

train/reward

NVIDIA



Model/Seq Support Matrix in PyT backend

8k 16k 24k 32k 64k
4B

7B/8B _

30B-moe

_ Verified on Nemo-RL PyT/DTensor

17 <ANVIDIA I



Nemo RL Performance: Megatron-core vs PyT DTensor

Step Time Breakdown(s)

Llama 3.1-70B@4k Seq: Megatron-core vs PyT DTensor backends Llama 3.1-8B@4k Seq: Megatron-core vs PyT DTensor backends
Policy training (s) Refit (s) Generation (s) Get logprobs (s)
Policy training (s) Refit (s) Generation (s) Get logprobs (s)
60
100

75 —

T 40
2
o
2
50 3
o
g

£ 20
25 &
n

0 0

Llama 3.1-70B Base_8nodes Llama 3.1-70B Base_8nodes Llama 3.1-8B Instruct _1node-DPonly  Llama 3.1-8B Instruct _1node-DPonly
TP4PP4Megatron TP8PyTDensor Megatron PyT DTensor
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Accuracy Curves - Megatron-core backend matching PyT Dtensor backends

train/reward train/reward

— megatron_llama_8b =— dtensor_llama_8b = = dtensor_llama_70b = megatron_llama_70b =
0.55
4 0.35
®
0.5 .
0.45 0.25
0.2
0.4
0.15
0.35
0.1
Ste
o - 0.05 Step
10 20 30 40
10 20 30 40 50
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Step Time Breakdown (s)

100

75

(9]
o

N
(&)}

Nemo RL Performance by Model

Nemo RL performance via Megatron-core backend

Policy training (s) M Refit (s) Generation (s)

Get logprobs (s) % Avg. generated tokens per sample

Llama 3.1-8B Instruct
_1node-DPonly

Llama 3.1-70B
Base_8nodes-TP4PP4

Qwen3 32B_8nodesTP8PP2 Qwen3 30B-A3B_8nodes-
EP8TP2

4,000

3,000

2,000

1,000

Avg generated tokens/sample

Config
- max sequence length
4096
- rollout batch size
2048
- global batch size 512

20  <ANVIDIA. I



Step Time Breakdown (s)

300

200

100

Nemo RL Performance: Long Context Support

Performance on Different Seq Len 4k vs 16k

Policy training (s) & Refit (s)

Generation (s) Get logprobs (s)

% Avg. generated tokens per sample

Llama 3.1-70B Base@4k_8nodes

Llama 3.3-70B Instruct@ 16k
CP4_16 nodes

800

600

400

200

Avg generated tokens/sample
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e What is Reinforcement Learning and NeMo
RL Overview
e Refit Optimizations for large MoEs

e Other on-going work in NeMo RL

o FP8
o AsyncRL
o NeMo Gym

e Future Roadmaps
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? H22BRefit?
TE RL INZr

Policy model — $azi)llZk (3R
B B #T)

Generation model — fa S H#

H (A RENE)

<~ On-policy Fl& S #rI55
=E—RINGLE;

& REHFTAHARXTR, FHS
HEEBEHTHERD
(reshard);

Brief Overview of Refit

Policy Model

GPUO

GPU1

EP

Y

[re

EP

-
>

GPU2

GPU3

S

GPUO

Generation Model

GPU1

TP

TP |

GPU2

GPU3
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NeMo RL’s overall software architecture

Policy

(maintains policy model

Policy Worker

Policy Worker 1 .
mp_size

Policy Model Parallelism

71 NeMo-RL BIZR 3%t
NeMo-RL RRAZ#HIEN MM
- Main Actor: B¥ZIZTBIF
- Policy Worker: &R F T ZRRARIERY

Main Actor

Algorithm

(maintains RL algorithm)

- Generation Worker: £ FVvLLMM & RiESR, h 20 HHXBE

All rectangle boxes are different processes

Generation

Ray for orchestration

(maintains generation model

vLLM Generation
Worker 1

vLLM Executor
1-1

vLLM Executor
1 - mp_size

Generation
Model Parallelism

vLLM Generation
Worker dp_size

vLLM Executor
dp_size - 1

vLLM Executor
dp_size -
mp_size

Generation
Model Parallelism



Step 1:
Policy Parameter Gather
[PyT DTensor,Megatron JPolicyWorker.
get_weights_ipc_handles

Step 2:
IPC Handle Transfer

Step 3:
Generation parameter update
model.load_weights

PolicyWorker 1

EPOPPO

Wrapped IPC handie

PolicyWorker 2

EP1PPO

\,
l

Wrapped IPC handle

R
Policy
I
Algorithm
¥
Generation

o —

VlimGenerationWorker 1

Executor 1~TPO

¥

Local Model

TPO

lim.collective_rpc(
update_weights_from_ipc_handles)

Executor 1-TP1

Nl

Local Model

TP1

PolicyWorker 3

Wrapped'IPC handle

EPOPP1

EP1PP1

Wrapped IPC handle

PolicyWorker 4

Ray for orchestration

A

VlimGenerationWorker 2

Executor 27fP0

/

Local Model

TPO

No copy, just passing

lim.collective_rpc(

update_weights_from_ipc_handles)

Executor 2-TP1

'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
i

data pointers via Cuda IPC h
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'

Local Model

TP1

Refit Workflow

Three main steps
1.  Policy params gather
2. IPC handle transfer
3. Generation params update

Refit =& F
1. WEPolicyS#: M2 RERETESHE
BR
2. @idrayf&i®IPC Handle: @33 CUDA
IPCIEIHFRRIE S (EME KRR ! )
3. Generation model EH B BN HF S

MERBEKRK, \IREHSHSE, 5—Hik
FTRLE (1) 2 (3) B9 4E

25 NVIDIA.



O H4. 2 IPC handle?

IPC = Inter-Process Communication (i 2 8;&15)

- HEGPUL SEKEARSHEMHERTE, FrIEEH—HB(KKX&KXIB),

- FTLLCUDA#R#tT IPC handle, EXFE— 1 “BHRBEXAZEHFHNEIMA",

- BT FERMRIERE (tenson iz =, MELZ— AR (handle), iLAMHRREERHARERA
W 7 Refit BR/ER

- Policy Worker 115 $i3k & 4 ik (all-gather) , ¥ CUDA IPC — £ —" handle,

- X4 handle £#@itRay%k ¢4 Generation Worker,

- Generation Worker %I handle /7, 133 cudalpcOpenMemHandle, FiRETEARMHFEE J78]E—3k GPU REEM
tensor,

BMALI, =/ Ray EPohcy%DGeneration Worker[8]f§i# IPC handleRTZE M EEMR I, EERIMA T, BSHHBERKE, K
BISHKEREMAATRERES, XERER EL AR,

LA DeepSeek-V3 Af5l, H 671B B2 S EXT N 7E KL 45000 MRS HKE, FERMIET, EBF45000KIPC handleft
BRI TF 54

N
|m

26 <ANVIDIA. I



Pre and After Optimizations 1L BTG %1 b

Step 1: Policy Step 2: IPC handle Step 3: Generation Total Refit
parameter gather(s) transfer(s) parameter update(s) Time(s)
NeMo-RL w/o 132.9 558.1 1.5 692.5
optimization
NeMo-RL v0.3 12.2 33.5 1.5 47.2
Speed-up 14.7x
Speed-of-light 3.3 0 0.01

Table 1: Refit Performance Breakdown and Optimization for DeepSeek V3 - Training sharding EP64PP8 and

Generation sharding TP64.

27 <ANVIDIA. I



fitie s EidiTamkkE R4 CUDA IPC H&E

S b — 3k E3#TA (Tensor Packing) —— M“H e 2| “SE 2 55"

AL R IR “Wre R =

W BEERF4SHREL (BHKE), TANGHR) FE—R—RMAFHE (IPCEH), BE—R
REEREZEIE— R (3R rebuild_cuda_tensor),

o) EE45AR | BEREBREE (018 BRI, BRMKZ, SBHEHGE16F, MERIE !

VEIR[A 3 o

W BATHREILANERIELZFE (IPC Buffer), {E8fFH &k (S8 B MITEHFNANEEFEE, BB, A
HEE—ok EF B (metadata), EHERETEEEREEMAE (offset) . 228 (dtype) FIfiZ4K (shape) .
BE-DEREFERARE(PO)BINMEEREBATEE, WHKEIGE, BEE ‘SRR EEMEEREBIRN
B BN 52 SLBNA]

MR -MEEASHAR — SEJLR (R EEMEEFORE) ! 3 FTM120msFEEI12ms, BAIREMRIEF
1015 | 2AIRFH1.515

& BARES:
D ahfE - torch.cat() £ 21~/ sk EBFEE R— 1 E LRI K Buffer,
K 2P NeMo-RL PR 589
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Overhead - Prior to optimization 1 tensor packing

' 00:00:00 00:00:00 ! 00:00:00 00:00:00

IZOm!ﬂlu: 274ns

recover tensor from IPC

thread 3501933 (ray.. E) 3501933 It : nemo_ri/models/generation/viim.py(BB2): update_weights_from_ipc_handies

viim/entrypoints/lim.py(512): collective_rpc

vlim/v1/engine/lim_engine.py(312): collective_rpc

vlim/v1/engine/core_client.py(265): collective_rpc
viim/v1/engine/core.py(340): collective_rpc

vlim/executor/uniproc_executor.py(56): collective_rpc
vlim/utils.py(2605): run_method
nemo_rl/models/generation/vlim_backend.py(111): update_weights_from_ipc_handles

1 00:00:00
150 000 000

2¢

= Y Default Workspace
~ ray:VlimGenerationWo...es 3501441 =

torc... to.. 1 vlim/model_executor/models/de...
torc... fo.. \ 55 |

<bui...
cuda...

| Current Selection

Area Selection Slices Pivot Table ~ Slice Flamegraph

Selected range: 120ms 411us 274ns

Name Wall duration (ms) Avg Wall duration (ms) Occurrences
2142.3904 19394

L

torch/storage.py(1450): _new_shared_cuda 107.005211 0.233126 459

<built-in method _new_shared_cuda of

torch._C._StorageMeta object at 106.899992 0.232897 459

0x1525ea8d6a60>

cudalpcOpenMemHandle 104.385564 0.325188 321

29

<ANVIDIA I



Overhead - After optimization 1 tensor packing

4d06:49:33 + 0 I 00:00:00 00:00:00 00:00:00

P I 020000 000 040 000 000 060 000 000
it
X = Y Default Workspace v oi

ray:RayWorkerWrappe..od 2724148  [& recove

threa.. W) 2724148 (main thread enso viim/worker/worker_base.py(612): execute_method
rom IPC viim/utils.py(2605): run_method
nemo_rl/models/generation/vlim_backend.py(79): update_weights_from_ipc_handles
j to-- vlim/model_executor/models/deepseek_v2.py(740): load_weights
t.. |

<

rebuild  unpack

chda_ packed | ‘ ’HH\“ | | I HH [wnn| I M 51| }’ Il m || 1J|11 w

tert'sor  tensor |

¢ Current Selection N

Area Selection ' Slices Pivot Table  Slice Flamegraph

Selected range: 11ms 657us 571

Name Wall duration (ms) Avg Wall duration (ms) Occurrences
94.064354 6288
torch/multiprocessing/reductions.py(155): Just rebuilt tensor once
. 1.841045 1.841045 1
rebuild_cuda_tensor to save overhead
torch/storage.py(1450): _new_shared_cuda 1.639718 1.639718 1
<built-in method _new_shared_cuda of G enakan 1 cnann 1

30 <ANVIDIA. I



X e =: 45T collective_rpc — M“2 R KL "E|“ 3t mEAI”

XK RALRET: 2RI B KK (broadcast)

75 Z# (Main Actor) B M B ESIFATE641 92 B (TP=64RJEXecutors) , i FcfTHIFEH64N DN Fl, A, ZiR
MBMNBEEE TARMAEMT A ATIMIER, BIEREEK !

[B) 7 : B iE R % :64%x64=4096 1 1F,

BIERNAERK: BREEHMES—BAMNT D LARNER, EREMES A RHETFEARIEK (ON?) ' MEERT,

4 b fm st & #4E” (p2p communication)
= ZWRERAT . MALTAZRENTRIMEMNE, E1TE2RE8sETESATNEFENER, AREEMIZ Gt
i,
BE-ETEINARESTRET, REtHEELS,
HER SEERIEEMTEAR (ON?) BERL%MESR (ON)) ! FERTEEEEIREEM/3.8 !

al

o BARES:

¥DEHAE  +F collective_rpc IR, IR A% IR HEAR executor B “update_weights_from_ipc_handles’, 3
FEMARREEEFFEMpc handles,

KB LB NeMo-RL PR 634

31 NVIDIA



Overhead of argument serialization in collective_rpc API call - O(N*2)

threading.py(1032): _bootstrap
threading.py(1075): _bootstrap_inner

threading.py(1012): run ob submission overhead

ray/_private/async_compat.py(50): wrapper

ray/_private/function_manager.py(689): actor_method_executor
ray/util/tracing/tracing_helper.py(463): _resume_span
nemo_rl/models/generation/vlim.py(844): update_weights_from_ipc_handles
vlim/entrypoints/lim.py(484): collective_rpc

vlim/v1/engine/lim_engine.py(307): collective_rpc Q:r:ic::t:;: :ﬁ;’:é‘ﬁ:’ whien
a Y|

vlim/v1/engine/core_client.py(260): collective_rpc
vlim/v1/engine/core.py(335): collective_rpc
vlim/executor/executor_base.py(326): collective_rpc
— T EXECUtOr/ray_distributed_executor.py(464): _run_workers

' Vray/_p_ fayl_u.

ray/_.. ray/_.. ray/_.. ray/_.
| | \
ray/a.. ray/a.. ray/a.. rqfeJeR il ntlleapy/a.. ray/a.. ray/ac.. ray/a.. ray/a.. ray/a.. ray/a..
Overhead scales linearly with TP size, i.e./t5 ray/a.. ray/a.. ray/a.. ray/ac.. ray/a.. ray/a.. ray/a.. ray/a.. ray/a..
CEICIPC Yo fI A E e CRREEE v4=1ilely| ray/a.. ray/a.. ray/a.. ray/a.. ray/a. ray/ac.. ray/a.. ray/a.. ray/a. ray/a. ray/a..
ray/ .. rayl.. ray/_.|ray/_.. ray/_. ray/_.. ray/_.. ray/_.. ray/_. ray/_. ray/p.. |ray/_.|ray/_..|ray/_.. ray/_. ray/_.
ray/_.. | ray/_.. ray/_.. |ray/_.. ray/_.. ray/_.. ray/_.. ray/_.. ray/_.. ray/_.. ray/ p.. ‘ ray/_.. | ray/_.. | ray/_.. | ray/_.. ray/_..
ray/_.. | ray/_.. ray/_.. ray/_.. ray/_. ray/_.. ray/_.. ray/_.. ray/_.. ray/_.. ray/_p..| ray/_.. |ray/_.. |ray/_.. ray/_.. ray/_.

cloudpickle is a

seria"Zinlly, T (T (T HIIIIIIIIllII 1 1A 0

lib used in ra ‘
TR
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X BAE= THIER § — M TKBRER"HBREHEER”

HK MALRT B — 2 KA TR K"
= BRIFMEEMTE — 10 B TTEIE (metadata), #hiE— 12T BAERER, BEEITH T
- REITE (s_packed: True) (AR
- EEEH(rebuild_func) GEF, XA ERENE)
- BHEBRFTH E1SHLEN N Edtype, shape, size, offset(KEH 2 E § FMal#E M)
o XA IREF FAE GTR) IR FIME (R WRAEES, LEEARBRESFEAPythonRERE L ERERIE,

4 it AE— R REEER
= HMREEX !
ZHEALIER dtype. shapeX LF REALE, REIFT, TRAEBXE,
N7 E offsetd] LLi@id dtypefishape E H £, 7T AL,
TR ER %% :rebuild_cuda_tensoriX N EE At E, F A%,
R RETHEFERFT:
- REITE (s_packed: True) (1M F/R1E)
- IPC Handle (11N %1#R)
- SEAIIRANIHIR)
MR BIEEXERL, BEFINURFIEEREESrefittR T2.54F !

o BAREA:
BIDENE BRI A TR, "Rt E. AIRENFR,
%44 STIUT PR 638, PR 686, PR 698 I



Three Optimizations and their speedup - a total of 14x

O BRE—TZmERrERE:
DSV3 Refitting Marginal Cumulative 1. 3TaIE fERAE 2
Time (s) Improvement Improvement %EQ § " B |‘|:T_| FE@., Q § ;X| PC
Baseline 693 1.0x 1.0x
2. RPCAfiL - fiEREIZ “%
Part 1 - Reducing Cuda IPC Overhead via Tensor 450 1.5x 1.5x EE B EETSR" 10
Packing FE@., Qr%%ﬂ%?’ﬁﬁ%o
Part 2 - Mitigating the overhead of vLLM's 120 3.8x 5.8x 3. TEUIEMIE AR E
collective_rpc API “Eﬁiﬂ‘ﬁ{fﬁj{" E"][‘ﬂgﬂy &R
TRBERAREE TR
Part 3 - Further reducing refit overhead via Ahead- 47 25X 14.7x
of-time metadata preparation
RETHH
- £ R NeMo
Table 2: Refit optimization breakdown and their contribution to performance improvements. Megatron-Bridge, H—

AL ZR R BT (8]
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e What is Reinforcement Learning and NeMo
RL Overview
e Refit Optimizations for large MoEs

e Other on-going work in NeMo RL

o FP8
o AsyncRL
o NeMo Gym

e Future Roadmaps
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0.7

0.65

0.6

0.5

0.45

0.4

= displayName: grpo-llama8b

200

FP8 Rollout

D € o

validation/accuracy

openinstructmath_6-28_fp8_xwfp32_deepgemm

400 600 800

= displayName: grpo-llama8b_openinstructmath_8b_6-27_bf16

NN

Step

1k 1.2k 1.4k

Model: llama3-8b
seqlen grows from 600
->1.5k ish over 3k steps
FP8 linear layer with 128
block scaling (i.e. deepseek
fp8) + importance
sampling convergence
Speedup: 30% on the
decode (GEMMs account
for 70% of it), 10% e2e
With FP8, 45% of the
decoder loop is spent on
bf16 attention and kv cache
Future work:

- try FP8 attention and

kv cache
- QAT in training
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Engineering Highlights
Placement strategy - Collocated vs Split

GPuld] GPU[O] GPULA]
tp_rank=0 tp_rank=0
GPUI[1] GPUI[1] GPUI5]
tp_rank=1 tp_rank=1
GPU[2] GPU[2] GPU[6] .
Collocated Split
tp_rank=2 tp_rank=0 tp_rank=2 tp_rank=0
GPU[3] GPUI[3] GPU[7]
tp_rank=3 tp_rank=1 tp_rank=3 tp_rank=1
Training Inference Training  Inference

37 NVIDIA



Asynchronous RL - n step off

On-policy/Sync RL - Collocation placement

cpuo (WO [ e | (AT wihwig W
cPut  [Lwed T [ wad T T [ wed
Off-policy - Split placement (1-step off)
cpuo (W) (o ) (TwAd T (w2d ) (e T (Ewad
GPU" A e R mS

Off-policy - Split placement (2-step off)

cpuo ([ woa Y (o (word T (Twaal ) (W ) (Twisd
GPU1 SO e e A

Idle time - Data generation from checkpoint w* - Training checkpoint from w* to w**



Asynchronous RL - partial rollout

On-policy/Sync RL - Collocation placement

GPuo [ wod Tl | wid ihwia o wed
GPut  [wod Tl L wid TG wad

On-policy/Sync RL - Collocation placement with partial rollout

cPLo  [wost ot (wod2 | wid | wiwie [ wed
cput  [wod | S0 [ wid s [ wed

Split placement with partial rollout follows similar

39 <ANVIDIA. I



Toolbox Servers

Tool Verifier
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search asoning
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Runs in Local,
HTTP, Docker
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RL System = NeMo RL + NeMo Gym
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List of Example Verifier Env by Domains

Math Coding Tool
Open-Math-Reasoning SWE WorkBench
StackOverflowDump SWE + openhands Financial Agent
DAPO-17k SWE + mini-swe-agent Search-R1

Competition Text2SQL

Programming pool
Terminal Bench

Science Knowledge Game ? Domain
GPQA Wordle Proprietary Dataset Env
HLE Puzzle
OpenStem Arcade
StackOverflow
Olympiad
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e What is Reinforcement Learning and NeMo
RL Overview
e Refit Optimizations for large MoEs

e Other on-going work in NeMo RL

o FP8
o AsyncRL
o NeMo Gym

e Future Roadmaps, Blogs and Q&A
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Roadmap Reinforcement Learning - Nemo RL

Training
Optimization

Inference
Optimization

Algorithm

Model

Current (v0.2.1)

PyT - FSDP, TP,
SP

Ray
Orchestration

vLLM

GRPO, DPO,
SFT,
Multi-turn tool
use

HF models up to
32B @16k seq

V0.3 - July 21st

PyT - FSDP2
Mcore - 4D parallelism
Sequence packing, CP

Async vLLM engine for faster
multi-turn on-policy
FP8 vlim generation

LLM as a judge

70B with up to 16k, incl
Qwen-3 30b/32B

V0.4 (Sep 2025)

FP8 e2e

Conversion between HF
and mcore backends

AsyncRL with split

placement

GSPO, DAPO with dynamic
sampling and reward

shaping

Reward model
Search-R1,
SWE,Openhand

DSV3, Qwen3-235B,

GPT-0SS
VLM via PyT

v0.5+

GB200
Fault tolerance and
in-process restart

AsyncRL-magistral variant
FP4 Generation
TRTLLM, SGLang

Gym environment

VLM via megatron
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Blogs

Improve Weight Transfer (i.e. Refit) in Deepseek v3 by more than 10x

Scalable and Performant Post-training with Nemo-RL via Megatron-Core

Reproduce DeepScaleR recipe in GRPO
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https://nvidia-nemo.github.io/blog/2025/08/12/nemo-rl-refit-performance/
https://nvidia-nemo.github.io/blog/2025/07/21/nemo-rl-v0.3/
https://nvidia-nemo.github.io/blog/2025/07/08/nemo-rl-deepscaler-grpo/

