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iter(dataloader)

batch = actor.generate(batch)

v

batch = actor.compute_log_probs(batch)

v

batch = reward.compute_rewards(batch)

v

batch = critic.compute_values(batch)
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metrics = critic.train_step(batch)
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metrics = actor.train_step(batch)
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worker: parallel executor

def loss_func()
pass

def forward_step():
pass

def model_provider():
pass
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rewards:
math_rule:

worker_cls: roll.pipeline.rlvr.rewards.math_rule_reward_worker.MathRuleRewardwWorker

tag_included:
code_sandbox:

[deepmath_103k, aime]

worker_cls: roll.pipeline.rlvr.rewards.code_sandbox_reward_worker.CodeSandboxRewardwWorker

tag_included:
llm_judge:

[KodCode]

worker_cls: roll.pipeline.rlvr.rewards.llm_judge_reward_worker.LLMJudgeRewardwWorker
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def query_filter_fn(data_list: List[DataProto], config: RLVRConfig) -> bo

response_level_rewards = [data.batch["respon s"] for data in data_list]
if len(response_level_rewards) ==
return True

rewards = torch.cat(response_level_rewards,

domain = data_list[0].non_tensor_batch["domain"][0]
query_filter_config = config.rewards[domain].query_filter_config

if query_filter_config.type == "no_filter":
return True
elif query_filter_config.type == "mean_filter":
threshold_up = query_filter_config.filter_args.get("t hold_up", math.inf)
threshold_down = query_filter_config.filter_args.get( 1d_d -1)
if torch.mean(rewards) <= threshold_down or torch.mean(rewards) >= threshold_up:
return False
elif query_filter_config.type == "std_filter":

std_threshold = query_filter_config.filter_args.get("std_threshold"
if torch.std(rewards) <= std_threshold:
return False

return True
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ifeval: 0.1

fetch

scheduler_refs = {}
for domain, scheduler in .generate_schedulers.items():

scheduler_refs[domain] = scheduler.get_batch.remote( =batch,

ray.get(list(scheduler_refs.values()))
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S FH1T7rollout

> iR HEnvManager
. 1l BEF TRolloutiIE R
. BAE: SRS (BaseEnv) firollout
- 5 BEE, XFAMEN S HTERE
> ZOINEESIE TS
 run_rollout_loop: #11755ERollout (AIEIL
B, LLMIRR) EEXREFER
« LLMRER: i@iZLLMProxy4pkaction
- INRLSH: NAE, WERRERIR
+  ZEnvManagerFHiTHUT, RIEXFTTEHILZER
5| (GroupQueueManager)

class TrajEnvManager(BaseEnvManager): =

ollout_loop( , data: DataProto):

.episode_id =

.aroup seed = data.meta infol's¢ 1+ .env_config[
rollout_cache: RolloutCache = .reset()

start_step = .current_step
.running:

lm_output: DataProto = .make_decision(rollout_cache)

stop_reason = (m_output.meta_into.pop( )

if stop reason == GenerateStooReason.FINISH:
rollout_cache: RolloutCache = .step(lm_output)

.running and (rollout_cache.terminated or stop_reason == GenerateStopReason.MAX_LENGTH):
rollout: DataProto = .formulate_rollouts(rollout_cache)

traj_group_id = 1 .env_config[ 1} 4 .episode_id}_{ .group_seed}
rollout.non_tensor_batch[ | 1 = np.array( [trai_group_id], =ob )

ray.get( .output_queue.put.remote( .env_config[' id'], .episode_id, start_step, rollout))

.rollout_cache = None

.running or .episode_id >= .worker_config.max_traj_per_env:

.logger.debug(

.env_config[' env { .worker_config.max_traj_per_env}

rollout_cache = .reset()
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Agentic 7 frrollout5 7 Hi)ll4k =

S FH1T7rollout

> EnvManager: 2R ERI AR
> fRRFE: EnvManagerfy "B88" &
it
1 EnvManager 37335 RLRF
248 (Env. LLMRE., HEIE)
o KEH:
O LLMProxy: SCEIRIRiETIHE,
il fEpolicy model, &
(EJE
random/openai_chat api
O AFAREAIEAERELAIW

EnvManager, B¥IsiT57

@ test_traj_env_manager.py @ traj_env_manager.py

TrajEnvMan (BaseEnvManager)
onfig = p onfig. trai

tokenizer = default ovider( rker_ g ( rollof olloutCache):

output_queue = GroupQue

TrajEnvManag worker_config las ut_cache.history[

=pipeline_config,

Ker_config

output
=threading

(history)

(
Debug % Python tests for test_traj_env_manager.test_debug_traj...

Threads & Variables ~ Console

) MainThread

formulate_rollouts, traj_env_manager.py:278 RolloutCache(env_id=0, group_id=0, tag="SimpleSokoban', history=[{'state': ‘######\n###P_Mn###X_#\niittt_#\n#H#O_M\nitititst| ', ‘action_content_strip': 'Do

run_rollout_loop, traj_env_manager.py:139

[ test_debug_traj_env_manager, test_traj_env_manager.py:37

'metrics': {"action_is_effective': True, 'action_is_valid": True, 'success": False},

{'action': 2, 'action_content': ‘Down’, 'action_content_strip': ‘Down’, ‘actions_left': 10, ‘llm_response: 'Down', ‘metrics': {'action_is_effective": True, ‘action_is_valid": True, 'success": False},

{'action': 3, 'action_content': ‘Left', 'action_content_strip": ‘Left', ‘actions_left": 9, 'lim_response": 'Left’, 'metrics": {'action_is_effective': False, action_is_valid': True, 'success": False}, ‘penalt

{'action’: 2, 'action_content': 'Down’, 'action_content_strip": 'Down’, ‘actions_left": 8, 'lim_response': 'Down’, 'metrics": {"action_is_effective': True, 'action_is_valid": True, 'success'": True}, 'pe
S\ NI\ NHIP_\ DX D HHO_S N
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SilllSx

» Sync training

Zigrollout, )I|ERER1THT

SR KERT™E, GPUZH, FIRZ(K

» ROLL: Async training

rollout/)IZ %48, ¥ RIES
ST (E

BRFF, GPU

GPU 1

GPU 2

GPU 3

GPU 4

GPU1

GPU2

GPU3

GPU 4

one batch

Sync Traning

blocked by model version setting
one-step overlap as exp

2 batch © irollabatch i ! roll a batch

- -
- P
b .
get_batch \gstnamh \ get_batch

ROLL Async Training

legend

rollout

traning

model update
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ROLL: Async training SEI}

> S FH 7rollout (EnvManager)
- EnvManager.run_rollout_loop() F1Ti=1T
- R HEpkagent5enviBHIE
> #BERPSHHE (GroupQueue)
«  ZEnvManager E3iHEXZE GroupQueue
> J5)|I85EA (Training Loop)
« suspend(): {Z1krollout, EFERIEH
« model update()): actor train -> actor _infer
« resume(): FEEKE rollout
« get batch(): blockz{ \GroupQueueEX &z
« train_step(): #&8Y3)I|%k

rollout_scheduler.suspend()

v

model_update()

v

- ( 0 EnvManager.run_rollout_loop()

block=True
rollout_scheduler.resume()

( y ] EnvManager.run_rollout_loop()

i

block=True -
rollout_scheduler.get_batch() GroupQueue
l blocked by async_ratio

( i EnvManager.run_rollout_loop()
train_step()
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> HxENXPipeline:
- EZREFAEEDIY RUTER, JHE
WorkerfJit&HiAE
«  ARErlvr pipelineflagentic_pipeline
{EJIREERRIR
- BEFTWSEEE, TERUEEDHI

i RE]

IR TR K

4

W o0 N UL WN B

10
kil
12
13
14
15
16
17
18
19
20
2
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
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pipeline demo

» class PipelineDemo:

v

def

def

__init__(self):

self.actor_train: Any = Cluster(role_type=TrainRole, resource_pool=4, config=dict(dp=2,
self.actor_infer: Any = Cluster(role_type=TrainRole, resource_pool=4, config=dict(dp=2,
self.reference: Any = Cluster(role_type=InferRole, resource_pool=2, config=dict(dp=2, tf
self.reward: Any = Cluster(role_type=InferRole, resource_pool=4, config=dict(dp=2, tp=2)
self.critic: Any = Cluster(role_type=InferRole, resource_pool=4, config=dict(dp=2, tp=1)

self.actor_train.initialize()
self.actor_infer.initialize()
self.reference.initialize()
self.reward.initialize()
self.critic.initialize()

self.model_update_group = ModelUpdateGroup(src_cluster=self.actor_train, tgt_cluster=sel

num_samples = 64

seq_length = 8

batch_size = 8

dataset = CustomDataset(num_samples=num_samples, seq_length=seq_length)
self.data_loader = DatalLoader(dataset, batch_size=batch_size, shuffle=True)

run(self):

step = 0

for batch_data in self.data_loader:
batch = DataProto.covert(batch=batch_data)
batch = self.actor_infer.generate(batch=batch)
batch = self.reference.compute_logprobs(batch=batch)
batch = self.reward.forward(batch=batch)
batch = self.critic.forward(batch=batch)
batch = compute_advantage(batch)
self.actor_train.train_step(batch=batch)
self.critic.train_step(batch=batch)
self.model_update_group.model_update()
self.do_checkpoint(step=step)
step += 1



RS REN: BERNMELTEK

> BHENXReward
- HNESMERXTELIN (#F
RN, RSP, LLM as Judge
%)
- RMEEWEO, BT EREENK
miZiE, wEREWSEK

RO ROLL ¥ ¢ yali/nebula_sub

Project -

D ROLL
[ assets
D data
[ docker
D docs
[ examples
[ mcore_adapter
[ nebula_patch
& roll
(&) agentic
[ configs
() datasets
(&) distributed
) models
v [2) pipeline
(5] agentic

rewards
& __init__.py
e code_sandbox_reward_worker.p
e crossthinkga_rule_reward_worke
e general_val_rule_reward_worker
e ifeval_rule_reward_worker.py
@ lIm_judge_reward_worker.py
& math_rule_reward_worker.py
e __init__.py
e actor_worker.py
& rivr_config.py
@ rivr_pipeline.py
e __init__.py
e base_pipeline.py

= base_worker.py

[ third_party

lim_judge_reward_worker.py

LLMJud:

ROLL

like a Reinforcement Learning
Algorithm Developer

e main v

2 code_sandbox_reward_worker.py

DataPrc

r.ba

json.dumps
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5AMEREN: BERGMELES

TrajEnvManager(BaseEnvManager) :
ro oop( , data: DataProto):

> BHENXEnvironment5883xH s

.aroup seed = data.meta infol 1+ .env_config[
rollout_cache: RolloutCache = .reset()

¢ RAGym-likebREED, BB REE RS

- Xi5Ray ActorflZARRERE, RITIEE o

° %Fji EgRL RO“OUt Loop g E‘)H:B %Agent EEnV if s;on reason =; Gener;teSt;uRea;on.FINISH:
rollout_cache: RolloutCache = .step(lm_output)

RXEZYE, BEZSRNE. TRERE
X HI b .L > i .running and (rollout_cache.terminated stop_reason == GenerateStopReason.MAX_LENGTH):
° *&Eﬁﬁg | | W)%(: EA E I$i_mﬂl—t rollout: DataProto = .formulate_rollouts(rollout_cache)

1m_output: DataProto = .make_decision(rollout_cache)

traj_group_id = f .env_config[ 1} .episode_id} .group_seed}

rollout.non_tensor_batch[ I ] = np.array( [trai_group_id], =ob )
ray.get( .output_queue.put.remote( .env_config[ 1 .episode_id, start_step, rollout))

@ base.py nvironme y @ env.py

.rollout_cache = None
.running o .episode_id >= .worker_config.max_traj_per_env:
.logger.debug(

SokobanEnv) r .env_config[ Y .worker_config.max_traj_per_env

rollout_cache = .reset()

ACTION_LOOKUP.keys()])

).close()




BTG ROLL

—EEE", '?“| i;lﬁn « Python3.10 -
- N

« Torch 2.6.0
ARbtE .yaml

> Model Scope 1&HI FEFIE hangzhou.cr.aliyuncs.com/roll/pytorch:nvcr-
24.05-py3-torch260-vlIim084

o f=51%: roll-registry.cn-

i_type: MODELSCOPE

¥~ 3 rodelScope BT BEE  HEE 6=8 +, AIGCER  X#Y4

X
4

cls: roll.pipeline.rlvr.rewards.llm_judge_reward_worker.LLMJudgeRewardWorker
t: Qwen2.5-7B-Instruct-RLVR-prompt

o =i Qwen2.5-7B-Instruct-RLVR
: inference
< IR AI-ModelScope / Qwen2.5-7B-Instruct-RLVR
path: AI-ModelScope/Qwen2.5-7B-Instruct-RLVR £ Safetensors () PyTorch FERIMY: apache-2.0 =« qwen2 D zho, eng, fraZ13 MES

kpointing: true

@BAIRLE =it

> Swanlab LIEEE azng B SRR

track_with: swanlab
tracker_kwargs:
login_kwargs:
api_key: your_api_key
project: roll-rlvr
logdir: debug

experiment_name: roll-rlvr-examples

tags:
= [enklk
=Srlvp
- debug
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S |e—| =
N =]
— \
00t@x85b08148: /checkpoint/binary/ROLL#

- o °
1E& p ® Sh run I ellne Sh 00t@x85b@8148: /checkpoint/binary/ROLL#
’:‘ n ® ® 00t@x85b08148: /checkpoint/binary/ROLL# sh examples/qwen2.5-7B-rlvr_megatron/run_rlvr_pipeline.sh
- raceback (most recent call last):
File "/checkpoint/binary/ROLL/examples/start_rlvr_pipeline.py", line 8, in <module>
from roll.distributed.scheduler.initialize import init

oduleNotFoundError: No module named 'roll'
00t@x85b08148: /checkpoint/binary/ROLL# export PYTHONPATH=$PWDN:$PYTHONPATH
00t@x85b08148: /checkpoint/binary/ROLL# sh examples/qwen2.5-7B-rlvr_megatron/run_rlvr_pipeline.sh

> Sh run_r|Vr_pipe|ine.Sh _%EEEJJ hdd logger: log_rank_DRIVER_0_1

reated or verified log directory: ./output/logs

\dded logging to file: /checkpoint/binary/ROLL/output/logs/log_rank_DRIVER_0_1. log

[2025-07-30 05:52:40,931] [INFO] [real_accelerator.py:222:get_accelerator] Setting ds_accelerator to cuda
[if: /root/.triton/autotune: No such file or directory

> model scope HEITE;
> Swanlab {151t

roll-rivr-examples P

o ot

e BR

> Swanlab 3CIE I5HE
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SLES:

2403 HEnvManagersittifiszt

IDE debug/E5Ei :

« test_traj_env_manager.py e traj_env_manager.py
ﬁ [ == . j
J\ Q K I I Ia C . ass TrajEnvManager(BaseEnvManager):

( , rollout_cache: RolloutCach
position_ids pad_to_length(position_ids, = .pipeline_config.seq
response_mask = pad_to_length(response_mask, .pipeline_config.sd
prompt_mask = pad_to_length(prompt_mask, .pipeline_config.sequer
score_tensor = pad_to_length(score_tensor, .pipeline_config.seq
e test_traj_env_manager.py &
input.batch.update

input_ids,
attention_mask,
position_ids,
torch.Tensor([episode_penalty]),

response_mask,

anager.test_debug_traj...

Threads & Variables Console

tensor([[1,1,1, ..., 0,0, 0]])

-0.9999999999999999
239
'action_content_strip': 'Right’, 'actions_left': 1(

{"action': 4, 'action_content': 'Right', 'action_content_strip': 'Right’, 'actions_left'

import threading

{'action': 1, 'action_content': 'Up’, 'action_content_strip": 'Up', 'actions_left": 9, 'llm_rt

{"action': 2, 'action_content': 'Down’, 'action_content_strip': ‘Down’, 'actions_left": 8,
{'action': 1, 'action_content': 'Up’, 'action_content_strip': 'Up’, 'actions_left': 7, 'lim_r
{"action': 1, 'action_content': 'Up', 'action_content_strip': 'Up', 'actions_left': 6, 'lim_}
{'action': 4, 'action_content': 'Right', 'action_content_strip': 'Right’, 'actions_left": 5,

{'action': 1, 'action_content": 'Up’, 'action_content_strip': 'Up’, 'actions_left': 4, 'lim_

{'action': 1, 'action_content': 'Up', 'action_content_strip': 'Up’, 'actions_left': 3, 'lim_r|

{'action': 3, 'action_content': 'Left’, 'action_content_strip': 'Left’, 'actions_left': 2, Il
{"action': 2, 'action_content': 'Down’, 'action_content_strip': 'Down’, ‘actions_left': 1,
10

tensor([[151644, 8948, 198, ..., 151643, 151643, 151643]])
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LitePPO: hitp://arxiv.org/abs/2508.0822 1

> KHURiHRSEIS:

«  HETFROLL #E28, B3 4/8B Base & Instruct, =F4MEEEL

& MARRRE, TESWHEIT 8 KERKIS
> LitePPO:

- {X4#HE "Group-level mean + Batch-level std
Advantage Norm” 5 "Token-level Loss” WRIIFZIS,
£ 6 NEFELE L8 GRPO/DAPO, Hi)lIGHIE&E
RE

> ¥I5HER:
+  Norm: Group-mean/Batch-std GRfaf#; RIEFRTEE std
+  Clip-Higher: J}IEMTHREIGEN, JVEEITFE "FahiliE”
«  Token-level Loss: X3 Base f2EIWAF, X9 Instruct {HE R MESE

arXiv:2508.08221v1 [cs.LG] 11 Aug 2025

@ ROLL & Future Life Lab 2025:08-12

Part I: Tricks or Traps?
A Deep Dive into RL for LLM Reasoning

Zihe Liu*"Y %, Jiashun Liu*®%, Yancheng He*%, Weixun Wang*'%, Jiaheng Liu®,
Ling Pan®, Xinyu Hu, Shaopan Xiong®, Ju Huang?, Jian Hu*, Shengyi Huang?,
Siran Yang®, Jiamang Wang®, Wenbo Su®, Bo Zheng"

X Alibaba Group 7 Beijing Jiaotong University
< Hong Kong University of Science and Technology a Nanjing University
1 Peking University * OpenRLHF ¥ CleanRL

Abstract

Reinforcement learning for LLM reasoning has rapidly emerged as a prominent research area,
marked by a significant surge in related studies on both algorithmic innovations and practical
applications. Despite this progress, several critical challenges remain, including the absence of
standardized guidelines for employing RL techniques and a fragmented understanding of their
underlying mechanisms. Additionally, inconsistent experimental settings, variations in training
data, and differences in model initialization have led to conflicting conclusions, obscuring the
key characteristics of these techniques and creating confusion among practitioners when selecting
appropriate techniques. This paper systematically reviews widely adopted RL techniques through
rigorous reproductions and isolated evaluations within a unified open-source framework. We
analyze the internal mechanisms, applicable scenarios, and core principles of each technique through
fine-grained experiments, including datasets of varying difficulty, model sizes, and architectures.
Based on these insights, we present clear guidelines for selecting RL techniques tailored to specific
setups, and provide a reliable roadmap for practitioners navigating the RL for the LLM domain.
Finally, we reveal that a minimalist combination of two techniques can unlock the learning capability
of critic-free policies using vanilla PPO loss. The results demonstrate that our simple combination
consistently improves performance, surpassing strategies like GRPO and DAPO.

Qwen3-4B-Base, Easy Data

a
8

oM
o
3 00"\ Batch-level
)

Ratio Clip <. s
& Group-level ° pcd
S Advantage Clip 2
< €30
w/o std H
Reward Clip g
Local std How to < 25f —*— GRPO
C Q choose tricks S —+— DAPO (5 techniques)
alue Clip it i
Gicbaratt 9 3 20| —e— Lite PPO (2 techniques)
) 130 300 450 600 750 900
Step
Overlong 4 Length s Qwen3-8B-Base, Hard Data
Reward 4 Loss
ot Difficulty ol
Advantage & g
Error Max S R0
>
©o  Right Min Sequence-level &@6' B
% Token-level S g
@, Difficulty TN VT TR 23] —*— GRPO
© \9 — —+— DAPO (5 techniques)
Mod 251 —=— Lite PPO (2 techniques)
N [ 100 200 300 400 500 600 700
Step

Figure 1: Left: The proliferation of RL optimization techniques, coupled with diverse initialized models
and data, has raised barriers to practical adoption. Right: We establish detailed application guidelines
via dissecting internal mechanisms of widely-used tricks, and introduce Lite PPO, a minimalist two-
technique combination that enhances learning capacity in critic-free policies with vanilla PPO loss. The
average accuracy is calculated across six mathematical benchmarks.

+  Overlong Filtering: 1&/FKEXESIEREE, KEARMEHER

* Equal Contribution. * Corresponding to: Weixun Wang <weixun.wwx@taobao.com>.
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ROLLI | |

> 17a0EEsk: IIAROLL#X, —#EHRZELLM RLAJARK!
« GitHub: https://github.com/alibaba/ROLL
« Paper: https://arxiv.org/abs/2506.06122
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