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e Rollout-Training Mismatch
o Expected
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o Implementation: Rollout engine (vLLM) + Training backends (FSDP)
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Rollout-Training Mismatch
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It also brings an issue...

e Rollout-Training Mismatch

o pvllm - pfsdp
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It also brings an issue...

Implicitly makes RL “Off-Policy”!
e Rollout-Training Mismatch

o pvlim _ pfsdp Max Diff = 1.0
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e Using the classic Truncated Importance Sampling (TIS) technique
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But it can be fixed effectively

e Using the classic Truncated Importance Sampling (TIS) technique

o We show that fix it with TIS can improve training effectiveness
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Harvesting the Off-Policyness via Quantization

e Since TIS is able to handle the mismatch

o Can we go even more “off-policy” and thus faster?
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Outline

e Why Rollout-Training Mismatch Occurs

e How to Fix the Off-Policy Issue It Brings

e Harvesting Rollout-Training Mismatch via Quantization
e Analyzing the Effectiveness of Different Fixes

e Additional Analyses
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e Two common believes
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e Hybrid Engine & Error Propagation

o Different compute patterns via different backends & parallelism
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Why does Rollout-Training Mismatch occur?

e Hybrid Engine & Error Propagation

o Different compute patterns via different backends & parallelism
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Outline

e How to Fix the Off-Policy Issue It Brings
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How to Fix the Off-Policy Issue It Brings

e Trial 1 — Mitigate the system-level mismatch

o VLLM seems to be the root cause — Patch vLLM to:

It helps, but ...
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How to Fix the Off-Policy Issue It Brings

e Trial 1 — Mitigate the system-level mismatch

o VLLM seems to be the root cause — Patch vLLM to:
m Return the actual sampling probabilities for vLLM V1 engine

m |Improve the numerical precision by using FP32 LM_Head

It helps, but the .-
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How to Fix the Off-Policy Issue It Brings

e Trial 2 — Apply algorithm-level fix

o Be aware of the mismatch — Importance sampling correction:
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How to Fix the Off-Policy Issue It Brings

e Trial 2 — Apply algorithm-level fix

o Be aware of the mismatch — Importance sampling correction:

m Recall: Vanilla Importance Sampling

7"fsdp(a'a 9)

Tyllm (a, 0) .
N———
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EaNﬂfsdp(9) [R(a’)] = ]anvum(o) R(a)
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How to Fix the Off-Policy Issue It Brings

e Trial 2 — Apply algorithm-level fix
o Be aware of the mismatch — Importance sampling correction:

m Expected gradient

Ea’\"ﬂ'fsdp(e) [R(a) - Vglog mgsap(a, 0)]
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e Trial 2 — Apply algorithm-level fix
o Be aware of the mismatch — Importance sampling correction:

m Expected gradient
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How to Fix the Off-Policy Issue It Brings

e Trial 2 — Apply algorithm-level fix

o Be aware of the mismatch — Importance sampling correction:

m Expected gradient

B (6) [R(a) - Vglog mgap(a, 0)]
m But currently we have

Eor(0)[R(a) - Vo log mesap(a, 0)]

m So we should fix the gradient as:

7'rfsdp(a'a 0)

. . 1 S ’
o gy B(@) - Vologmiap(a 0)

EGNWvum 0) [
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How to Fix the Off-Policy Issue It Brings

e Trial 2 — Apply algorithm-level fix

o Be aware of the mismatch — Importance sampling correction:

m Expected gradient

B (6) [R(a) - Vglog mgap(a, 0)]
m But currently we have

Eor(0)[R(a) - Vo log mesap(a, 0)]

m |In practice, we use Truncated Importance Sampling (TIS):

Wfsdp(a, 9)
Tyllm (CL, 0) ’

Eoromym (6) [min( C) - R(a) - Vg log meap(a, 9)}

N
truncated importance ratio
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e Extend to General Case
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e Extend to General Case
o Expected Policy Gradient (PPO)
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How to Fix the Off-Policy Issue It Brings

e Extend to General Case
o Expected Policy Gradient (PPO)
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VeRL/OpenRLHF’s Implementation (recompute)
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Policy Model
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How to Fix the Off-Policy Issue It Brings

e Extend to General Case
o Expected Policy Gradient (PPO)

. Trfsd (a, 9) AT Tsd; (a, 9) ~
Eoor [V mln( b A, cli ( b ,1—¢, 1+ e) A)]
tudp(ota) | V0 Tesdp (@, Ooia) P Tesdp (@5 Oo1a)

o VeRL/OpenRLHF’s Implementation (recompute)

5 Trsd; (a, 0) YERT 71-deP(aﬁ 0) A
E, |:V mm( p A, cli ( ,1—¢, 1+ 6) A)]
vitm (old) o 7rfsdp (a’ eold) & 7Tfsdp(a" eold)

46



How to Fix the Off-Policy Issue It Brings

e Extend to General Case
o Expected Policy Gradient (PPO)

Eorp 00 [W min( Taap(a, 6) 4 Clip( map(0, 0) 4y +E) A)]

T fsdp(aa aold) T fsdp(aa 901d)

o VeRL/OpenRLHF’s Implementation (recompute)
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o Truncated Importance Sampling (TIS)
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Why Not Alternative Methods?

e Variants of TIS
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Why Not Alternative Methods?

e Variants of TIS
o PPO Importance Sampling (PPO-IS)

) Tsdp(@, 6) & . Tesap (@, 0)
Eoratran | Vo min( 000 P 4 gpip (Toapte: B
vllm(eold) [4 min 7Tv1]m (a’ eold) C lp 7Tv]]m (a, 001d)

1—c¢, 1+e)A)]

49



Why Not Alternative Methods?

e Variants of TIS

A commonly

o PPO Importance Sampling (PPO-IS)
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asked variant

1—c¢, 1+6)A)]

50



Why Not Alternative Methods?

e Variants of TIS

o PPO Importance Sampling (PPO-IS) A commonly

asked variant

Tisdp(a, 0) &
—————— A clip
Tyllm (CL, eold)

Tisdp (@, 6) ) )]
,1—¢, 1+€) A
7rvllrn(a‘7 eold)

PN

]Ea"’ﬂ'vllm(eold) [Ve min(
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Why Not Alternative Methods?

e Variants of TIS

o PPO Importance Sampling (PPO-IS) A commonly

asked variant
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Why Not Alternative Methods?

e Variants of TIS

o PPO Importance Sampling (PPO-IS) A commonly

asked variant
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How well can TIS fix it?

e DAPO 32B Setting
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How well can TIS fix it?

e GSMS8K 0.5B Setting
Normal RL: Max Diff is smaller (~0.4) than 1.0 (in DAPO-32B setting)

INT8 Rollout: Max Diff is larger (~1.0) than normal RL setting
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Does TIS always help?

e DAPO 1.5B Setting

o In settings where prob diff is relatively small
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Does the Mismatch really matter?

e Unexpected training instability on challenging tasks

- Entropy of phg” - Average Response Length Epurllogpls® — logpfsiP]
- |NT8 Rollout — b.665
=~ |NT8 Rollout w. TIS
0.8
3500
0.001 4
3000
0.6 -
25001 0.000 1
0.4 2000 A
1500 01001}
0.2
1000 +
—0.002 4
500 -
0.0 T T T T T T T T T T T T
0 10 20 30 40 50 0 10 20 30 40 50 0 10 20 30 40

DAPO Qwen2.5-32B



Does the Mismatch really matter?

Possible negligible on simple tasks
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= (B e a®a- +0n e = () wcnsie / v a®a- +-0no@ correction in RL training #179
©Code O lssues 23 11 Pulrequests 18 ) Discussions ® Actions [ Projects @ Securty & © Code @ lssues 938 I1 Pullrequests 72 O Discussions (@ Actions (5 Projects @ Securty . zhuzilin merged 4 commits into THUDM:main from yitianlianisgl_togp (5)2 days ago

Releases / V089

[BREAKING][vIIm, fsdp] feat: add Rollout-Training

Edit <> Code ~ Q) Conversation 0 - Commits 4 El Checks 1

Files changed 9  +83-3 mmmm

e Mismatch Fix -- Truncated importance sampling #2953
Release v0.8.9
shsochanyang20 merg _— 1truncated.inportance_samping. Clyesterdey
. ? : el . R yitianlian commented 2 weeks ago Contributor Reviewrs
©) Conversation 31 - C: . 8 3 42007 ammm -
No reviews
What's Changed v 20 The implementation of the importance ratio between
Add TensorBoard | PRM & by @xjli360 in #1096 v N rollout logp and training logp.
i S———— g e I What does this PR do? W tonapass v Assianees

« Support vLLM off-policy importance sampling correction by @xiaoxigua999 and @MooMoo-Yang in #1098 € vermoutnonz [0l
Support yLLM-FSDP off-policy impos on using Truncated .

o Requires vLLM version > 010 : pip install U vila —pre —extra-index-url \mportance Sampling (TIS): @ wuxibings
https: //wheels.vlim.ai/nightly B petershs

E, i a “|:min(7 €) - Vs min( 280 4 (’I\p({; e = 1+¢) 1)] - [0 min( 2029 (S0 ) d) ! -

&, zhaochenyangz0
ruscated importance ratio

where Cis a hyper-parameter. il A+ o >

« Fix weight broadcasting issue in Async RL with PyTorch 2.7.1 and vLLM 0.10 by @xiaoxigua999 in #1100 . e : B o L . k‘ , ., 0 “"“ ) 'V g . 4 gemini-code-assistbot] o REI N FORCE++-baseIIne Is aII you

« Fix sequence-level loss calculation for GSPO by

Full Changelog: v0.6.5....v0.8.9 F L e mle® g0 @ Neonesssined
o Janhu

Tool-Integrated Reasoning and Agent Experiments

minread - 5days ago

Zichen Liu @

With just a few lines of code, Feng’s (@fengyao1909) suggested fix—
applying importance sampling on the behavior policy—resolved the training
instability in my case (oat). | believe the result can generalize to other RL
frameworks as well. Great work, Feng!

Qian Liu
TIPS has been remarkably effective in my practice —more people should
definitely know about it!

We have thoroughly validated the effectiveness of global standard deviation
and global advantage normalization in complex multi-turn tool call

scenarios. Our experiments utilize the framework established by

~ arXiv:2505.07773, which features a zero-shot agent environment designed for
@ FengYao & . .
training rewards gradient norm . . large language models to tackle mathematical problems using Qwen 2.5 Base
We are glad that TIS and FlashRL have received broad attention from 7B
the open-source community that they have been verified and )
supported (OpenRLHF @hijkzzz, SkyRL @NovaSkyAl,
REINFORCE++@hijkzzz, OAT @zzlccc)! hmmt_feb_ hmme_feb.
a@ once) aimezs  aimezs - DO g avg
- reinforce+ + ‘with-baseline 0. 27.1875 8.958 2410416667
reinforces+ with-baseline.lim-correction 15625 20625 201042 20375 25125
a0 o 2 6. 246875 2258333
ppo ¢ s 2185416667
s] OAT has verified and implement TIS. REINFOR in the multi-turn tool call tasks.
With tuncated importance sampling (orange), the training becomes more ws] SkyRL has integrated TIS. [ 1l
Y - A s] REINFORC verified TIS in Tool-Integrated-Reasoning (TIR) setting. [ The REINFORCE++ baseline can be combined with dynamic sampling, clip-
wae'C) Ve "“"(' ’ '“1"’(' ] OpenRLHF has integrated TIS. [ ] higher, and truncated importance sampling (VLLM correction in the figure)

to continuously improve performance.




Community Verification

True on-policy RL

As researchers have noted, the different numerics between training and inference

implicitly turns our on-policy RL into off-policy RL.

06 - ) , Configuration Time (seconds)
A 4 A Montas A AP s Al

T oal WA W,".w"'if_‘_'*»J‘W’ W o N f‘\\\”\.{\\’v“v“ﬂ YW VW
H V. il vLLM default 26
=t 0.2 +
[
= Unoptimized Deterministic vVLLM 33

0 -

+ Improved Attention Kernel 42
True on-policy ’

° @ No importance weighting
g 0.004 |-@ With importance weighting
&
g
A 0.002 -
—
. et A AT s A A A NIRRT NS St R nE———
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| | | 1 1 1 |
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Community Verification

VLLM « - Trainer logprob mismatch

Potential solutions to

elg =T Ml IV el g e Te][[8Y] transformer logprobs

Incorrect, but on-policy Nllalilels[elfe]ef:

1. Change things/kernels so the logprobs do match (we didn't get
2. Calculate your logprobs in transformers, not viim (QUF Curk
3. Useimportance sampling

]Ea,\,,,-wnplar (g) [mm (

, %

Tearner (a, 0)
Tsampler (a’ 0) ,

C) - R(a) - Vg log Tiearner (@, 9)] ;

N

truncated importance ratio

'¢'Ai2 Slide credit: Michael Noukhovitch

https://fengyao.notion.site/off-policy-rl
Lambert | Olmo Thinks 27
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Outline

e Harvesting Rollout-Training Mismatch via Quantization

62



Harvesting Off-Policy in Quantization

As TIS handles the gap, can we go even further off-policy for speedup?
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Harvesting Off-Policy in Quantization

As TIS handles the gap, can we go even further off-policy for speedup?

Rollout generation is a bottleneck in RL training efficiency:
In DAPQO-32B setting, rollout takes up ~70% of the training time
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Quantization helps speedup but hurts performance
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Quantization helps speedup but hurts performance

Naively applying quantization can accelerate rollout speed

Rollout Throughput
Speedup Ratio over BF16 Rollout

e FP8
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Quantization helps speedup but hurts performance

Naively applying quantization can accelerate rollout speed

Rollout Throughput
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Quantization helps speedup but hurts performance

Naively applying quantization can accelerate rollout speed
But the performance is also degraded!

Rollout Throughput AIME 2024

Speedup Ratio over BF16 Rollout 05 pass@1 (avg32)
* FP8
1.7+ )3
> INTS ; /\/\‘
161 --- BF16 ° 4 V/“" Al
151 ". ’w ) *®s .‘ )
¢ w‘./' g '.‘ . *
1.4 4 P
1.3
121 o = BF16 Rollout DAPO-32B
1.1 il INT8 Rollout DAPO-32B
o, & == BF16 Rollout DAPO-32B w. TIS
B e e L= Wy i S s Lo e e INT8 Rollout DAPO-32B w. TIS
% 1'4 3‘2 1(30 15'0 2(')0 25;0

Model Size (B) Step



Quantization helps speedup but hurts performance

This can be expected, as quantization introduces more mismatch

. 7be16(a, 0) a . 7"bf16(a, 0) A
E,.. [Vg mm( A, clip l1—¢14+¢€)A
M The16(@, Oola) , ( Toe16 (@, Oola) 7 ’ )
int8 Rollout: 16— Tint8
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FlashRL preserves performance with TIS

FlashRL fixes it with TIS

. ﬂ'bﬂﬁ (a’7 001d) o 7rbf16(a, 9) 1 . Thfl6 (a, 0)
Bamis (0o [mln(mnts(a, Oola) C) L mln(”bflﬁ(aa Oo1d) A, clip Tbe16(2s Oold) ’

A

~

truncated importance ratio

1—e, l-l—E)fi)]
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FlashRL preserves performance with TIS

FlashRL is implemented as a PyPIl package to patch vLLM

pip install flash-1lm-r1l # install with pip
export ='fp8' # turn on env variable
bash your-rl-training-script # no code change needed!
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FlashRL preserves performance with TIS

DAPO

32B Setting

Matches the performance of BF16 rollout with TIS
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FlashRL preserves performance with TIS

DAPO

32B Setting

Matches the performance of BF16 rollout with TIS
Outperforms naive BF16 rollout (without TIS)
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FlashRL preserves performance with TIS

GSM8K 0.5B Setting
TIS works both in INT8 and FP8 setting

06 GSM8K Accuracy
T ﬁ\\wvfﬁ‘wxfﬂ\my
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More detailed analysis

Rollout Speedup
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More detailed analysis

Rollout Speedup
Regular RL Setting

1719
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1214
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Rollout Throughput
Speedup Ratio over BF16 Rollout
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Rollout Throughput
Speedup Ratio over BF16 Rollout

More detailed analysis | o :
Rollout Speedup N - :
Regular RL Setting N
Standard Inference Setting N

14
Model Size (B)

Rollout Generation Throughput Speedup Ratio of INT8 over BF16
Name
= TP2-H100
. TP2-A100
= TP2-A6000
TP1-A100

o = N W ~ U O N

4096 8192 16384
Response Length

Figure 3. Throughput speedup ratio of INT8-quantized Deepseek-R1-Distill-Qwen-32B

relative to BF16 in 4 inference-only configurations, measured across varying response lengths
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More detailed analysis

End-to-End Speedup & Effectiveness
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More detailed analysis

End-to-End Speedup & Effectiveness
INTS8 as a pressure test
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More detailed analysis

End-to-End Speedup & Effectiveness

INTS8 as a pressure test
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Figure 4. Left: Downstream performance of RL training with BF16 vs. INT8 rollout precision.
Right: Updates per hour achieved with BF16 and INT 8 rollout. All experiments use the DAPO
recipe on Qwen2.5-32B, trained for 250 steps on 4 nodes with 8xH100 GPUs. [wandb]
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How to perform INT8 quantization?
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How to perform INT8 quantization?

FP8 quantization can be naturally conducted in an online manner
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How to perform INT8 quantization?

FP8 quantization can be naturally conducted in an online manner

INT8 quantization requires complicated calibration process
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How to perform INT8 quantization?

FP8 quantization can be naturally conducted in an online manner

INT8 quantization requires complicated calibration process
Our solution: Online INT8 Quantization via Calibration Transfer
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How to perform INT8 quantization?

Online INT8 Quantization via Calibration Transfer

Observation: RL changes model weights less aggressively comparing to SFT

Performance Reduction by Transfering INT8 Calibration from Qwen2.5-32B

Transferred to DeepSeek-R1-Distill-Qwen-32B
50 1 EEl Transferred to DAPO-Qwen-32B
401
30+
20
10+
0 T . . —
math500 minerva math olympiadbench

Figure 6. We experiment on models finetuned via SFT / RL from Qwen2.5-32B base model. We
find that compared to SFT, reusing the base model calibration result by applying it to RL

funetuned model rarely change the performance. This indicates that INT8 online quantization is
practically possible in RL by reusing previous calibration result. 85



Outline

e Analyzing the Effectiveness of Different Fixes

86



Analyzing the Effectiveness of Different Fixes

e PPO Buryy 000 Vo min( 7 0 cup(M, 1-¢ 1+¢) 4)]

Tsdp (aa eold) Tfsdp (a', aold

e Recompute Eomtin(00) [Ve min( meiele, 04 clip( muinle, 0) e, 1+6) A)]

Wfsdp(a, 901d) 7rfsdp(a, gold)
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Analyzing the Effectiveness of Different Fixes

. 3 0) . .. [ Twap(a, 6) A
] PPO Eoor [V mln( i (9, A, cli ( Lt ,1—¢ 1+ e) A)]
tap(%uia) | Tesdp (@5 Oota) ¥ Tesdp (@ Oo1a) ¢
. S 0) N . T fsd; (a 9) ~
E, . [V mln( Misap (@ A cli ( PR ,1—¢, 1+ e) A)]
¢ RecompLIte il ) ’ 7rfsdp(‘17 eold) P ﬂ-fsdp(a’ eold)
e PPO-IS oo (6ua) [Vo min(M A, clip(M 1—¢ 14 6) A)]

Tyllm (aa oold) Tyllm (aa eold) ’
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Analyzing the Effectiveness of Different Fixes

J PPO Earrgp @ora) [Vg min(% A, clip(%, 1—¢ 1+ 6) fl)]
e Recompute B (G [vg min(% 4, clip(%, 1—¢ 14 e) A)]
° PPO_IS Ear i (0014) [Vg min(% fl, clip(%, 1—¢ 1+ 6) fl)]
e Vanilla-IS

& 700 . Ty a N 5 | a ~
B (Bo1a) [M - Vg mln( iy (0, 9) A,Chp< g ) g €, 1+ e) A)]

)
Tyl (@, Oo1a) Tisdp (@, Oola) Thsdp (@, Oo1d)
N——

importance ratio
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Analyzing the Effectiveness of Different Fixes

. 3 0) . .. [ Twap(a, 6) A
® PPO Eoor [V mln(M A, cli (*,1—6, 1—1—6) A)]
tap(%uia) | Tesdp (@5 Oota) ¥ Tesdp (@ Oo1a)
. Tfsd (a 0) yERT Trfsd, (a'a 0) A
Eoor [V mln(# A,chp(pi,l—e, 1+e) A)]
¢ RecompLIte it Out) ? Wfsdp(a7 eold) 71-fsdp(a" eold)
. T fsd,; (ay 0) ~ . Trfsd, (aa 0) 1
- Eqr [V mln(pi A, cli (p—,l—e, 1+e) A)]
® PPO IS () o ﬂ-vllm(av oold) P 7Tvllm(aﬂ eold)
H - 7'rfsdp(ay eold) x Tsdp (@ 0) 2 Tesdp (@, 6) =
e Vanilla-IS B i (Gcta) [m “Vo mm(nfd (0, B A P\ o 0 L — € 1 He) A
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S ,00 . 7r i a, N
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Tsdp (@, 91d Tsdp (@, Oold) ?
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Comparison with TIS-Variants

GSM8K, PPO, Qwen2.5-0.5B-Instruct
Only TIS works consistently

GSMB8K for INT8 Rollout ~ GSM8K for FP8 Rollout ~ GSM8K for BF16 Rollout KL(py'm, pfsde)
0.6 0.6 0.6
L
T e
0.5 A \ A _},ﬂ. W
W
0.4
0.31 }
|-
| EEEEE recompute .
024 ¢ = TIS 0.2 . 0.2 10-3 4
- - = PPO-IS ’ E
011 = = vanilla-IS | 0197} 0.14
0.0] = rmmes cn s cm wm| 00] Vimama - S| 0.0 1044
0 100 200 300 400 0 100 200 300 400 0 100 200 300 400 0 100 200 300 400
Step Step Step Step

Figure 5. We ablate different rollout-training mismatch mitigation strategies on Qwen2.5-
0.5B with GSM8k. Note PPO-IS and Vanilla-IS achieves near 0 accuracy for INT8 rollouts
thus being highly overlapped. We also plot the KL divergence between vLLM sampled
distribution and the FSDP distribution on the right. [ J[fp8 wandb][bf1 6wandb]



Why Recompute fails Bt [ Vo min (200 g (e Dy ) 4)

e Recompute

o The mismatch can lead to entropy collapse

m Gradient computation vs. rollout generation
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Why Recompute fails Eory (6 [vo min(% A,clip(%,l—e, 1—|—e) A)]

e Recompute

o The mismatch can lead to entropy collapse

m Gradient computation vs. rollout generation
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= |NT8 Rollout _— s
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Why Recompute fails Eemsagis (9} [Vo min(% A,clip(%,l—e, 1—|—e) fl)]

e Recompute

o The mismatch can lead to entropy collapse

m Gradient computation vs. rollout generation

ForawithA<O0
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= |NT8 Rollout _— s
=~ |NT8 Rollout w. TIS

3500 1

0.001 A
3000 A

2500 1 0.000 -
2000 4

i85 ~0.001 1
1000 +

—0.002 A
500 -

0 10 20 30 40 50 0 10 20 30 40 50

94



Why Recompute fails Eemsagis (9} [Vo min(M A,clip(M,l—e, 1—|—e) fl)]

7rfsdp(aa 901d) 7Tfsdp(aa Oo1a

e Recompute

o The mismatch can lead to entropy collapse

m Gradient computation vs. rollout generation

ForawithA<O0
- Entropy of pgid” _— Average Response Length Eprllogphs® — logpfseP]
) —— INT8 Rollout

ol 0.002
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Why Recompute fails Eemsagis (9} [Vo min(M A,clip(M,l—e, 1—|—e) /Al)]

7rfsdp(aa 901d) Ttsdp (aa Oo1a

e Recompute

o The mismatch can lead to entropy collapse

m Gradient computation vs. rollout generation

ForawithA<O0
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Why Recompute fails Eemsagis (9} [Vo min(M A,clip(M,l—e, 1—|—e) /Al)]

7rfsdp(aa 901d) Ttsdp (aa Oo1a

e Recompute

o The mismatch can lead to entropy collapse

m Gradient computation vs. rollout generation

ForawithA<O0

fsdp
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Why Recompute fails
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(@)

Entropy of p

Eammypn (6 [Vg min(
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The mismatch can lead to entropy collapse

fsdp
old

Gradient computation vs. rollout generation
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Why P PO-IS fai IS EﬂNWvum(‘/’old) [V9 min(w ;1’ Clip(%, 1—¢ 1+ 6) A)]

s vum(a, 901d)

e PPO-IS
. . Tedp(a, 0) & .. [ Tap(a, 0 i
o PPO-IS is still “biased” from the PPO gradient = Eoryy a0 [Ve mm( (@, 9) A,Chp( @0 1 1+f) A)]

Tsdp (a7 oold) Tfsdp (a7 aold) ’
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Why P PO-IS fai IS EﬂN’Tvllm(‘/’old) [v9 min(w ;1’ Clip(%, 1—¢ 1+ 6) A)]

s vum(a, 901d)

e PPO-IS
o PPO-IS is still “biased” from the PPO gradient  Ber, Vo min( "2 0 4 aip( Tl Oy 14 ) 4)]

Tsdp (a7 eold) Tfsdp (a7 aold) ’

o Theclip in PPO is designed for “trust region”
m Attimestep 0, 6 =6,4, we don’t want to clip but PPO-IS may clip
m PPO-clip works differently than TIS
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Why PPO-IS fails Bt [0 min (T A cip (T 1 14¢) )

7Tv11m(a, oold) 7Tv11m(0«, aold)’

e PPO-IS

o PPO-IS is still “biased” from the PPO gradient  Evr, . (Vs min( 0 4 cip( (@ D1 1vc) 4) |
o Theclip in PPO is designed for “trust region”
m Attimestep 0, 6 =6,4, we don’t want to clip but PPO-IS may clip

m PPO-clip works differently than TIS

’
LCLIP i 1 - (a) ,/
. — € = [’} . /7 LcLip
gradient « zero T " T (a) PPO-clip . ' gradient « nonzero | 1_C L (@, O)
55 ~~1. ! old // : e T (@, 0o1a)
. , . -
: /7 I
K y ;
1 , :
il = mo(a) ¥ i // E i
L LA / _ Tadp(a, Ooa) 2
| 1 14e Toaa(a) LCLIE 7/ L Ll gradient « nonzero
P c o (@, Beta) [CLIP
/
A>0 A<O 4
,, TIS A>0 A<O
’
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[y

Why Vani"a'ls fa"S %y M'Vg min(wﬁ,clip<M 1 — €, 1+6> fl)

a s a, 0 s a, 6 ?
1 Toim(@, Oo1a) fsdp (@, Gold) fsdp (@, Oold)
N ——’

importance ratio

e Vanilla-IS

o Uncapped importance ratio amplifies the gradient noise

m Leading to unstable training
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[y

Why Vanilla-IS fails ;s ™05 g, (et (s 1) d)

a s a, 6 s a, 6 ?
U Tonm (@, Ooia) fsdp (@5 Bold) fsdp (@5 Bold)
N————
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e Vanilla-IS

o Uncapped importance ratio amplifies the gradient noise
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Outline

e Additional Analyses
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Factors Contributing to Mismatch

e Investigation Setup
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Factors Contributing to Mismatch

e Investigation Setup

o Model & Data:
m DAPO-32B / Polaris 7B

m DAPO Training Set (first 512 samples)
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Factors Contributing to Mismatch

e Investigation Setup

o Model & Data:
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m DAPO Training Set (first 512 samples)

o Metrics:
m Max Mismatch per response

m Mean Mismatch per response
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Factors Contributing to Mismatch

e Investigation Setup

o Model & Data:
m DAPO-32B / Polaris 7B
m DAPO Training Set (first 512 samples)

o Metrics:
m Max Mismatch per response

maxXg, ¢ response psampler (CL) — Drearner (CL) |

m Mean Mismatch per response

osel O
|response| a € response

psampler (a’) _ plearner (a’) |
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Factors Contributing to Mismatch

setting Y has larger gap ,/,
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e Investigation Setup £ .
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Factors Contributing to Mismatch

e Larger Parallelism Difference, Larger Max Gap
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Factors Contributing to Mismatch

e Larger Parallelism Difference, Larger Max Gap
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Factors Contributing to Mismatch

e Longer Response Length, Larger Max Gap
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Factors Contributing to Mismatch

e Longer Response Length, Larger Max Gap
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4K Max Response

Factors Contributing to Mismatch
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actors Contributing to Mismatch

e Altering Sampler Alone, Gap Still There
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What’s beyond?
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What’s beyond?

e The gap can be amplified in MoE RL

o Dynamic Routing

o Specially Optimized Kernels
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What’s beyond?

e The gap can be amplified in MoE RL

o Dynamic Routing

o Specially Optimized Kernels e.g. GRPO (token-level)
GSPO (sequence-level)

e TIS is orthogonal and compatible with existing GxPOs

o GxPOs adjust the computation of advantage / importance ratio

o TIS addresses the system-level mismatch problem
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Takeaways

e Mixing inference backend with training backends brings off-policy
RL training, even if they share the same weights

e Truncated Importance Sampling (TIS) is effective mitigating the gap

e With TIS integrated, rollout generation can be accelerated via
quantization without sacrificing the performance

121



Thanks for Listening!

Feng Yao
https://yaof20.github.io/

April 06, 2026 — Presented at UVA
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