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Abstract001

Large language model (LLM) reinforcement002
learning (RL) pipelines are often bottlenecked003
by rollout generation, making end-to-end train-004
ing slow. Recent work mitigates this by005
running rollouts with quantization to acceler-006
ate decoding, which is the most expensive007
stage of the RL loop. However, these se-008
tups destabilize optimization by amplifying009
the training-inference gap: rollouts are oper-010
ated at low precision, while learning updates011
are computed at full precision. To address this012
challenge, we propose QaRL (Rollout Align-013
ment Quantization-Aware RL), which aligns014
training-side forward with the quantized roll-015
out to minimize mismatch. We further iden-016
tify a failure mode in quantized rollouts: long-017
form responses tend to produce repetitive, gar-018
bled tokens (error tokens). To mitigate these019
problems, we introduce TBPO (Trust-Band020
Policy Optimization), a sequence-level objec-021
tive with dual clipping for negative samples,022
aimed to keep updates within the trust region.023
On Qwen3-30B-A3B MoE for math problems,024
QaRL outperforms quantized-rollout training025
by +5.5 while improving stability and preserv-026
ing low-bit throughput benefits.027

1 Introduction028

Recent reasoning LLMs, such as OpenAI029

o1 (Jaech et al., 2024), have demonstrated the030

effectiveness of Chain-of-Thought (CoT) (Wei031

et al., 2022) for solving complex problems. More032

recently, DeepSeek-R1 (Guo et al., 2025) has033

shown that reinforcement learning with simple034

rule-based reward functions (RLVR), can induce035

emergent reasoning behaviors and yield gains in036

challenging domains such as math problem solv-037

ing (Luo et al., 2025). A key driver behind these038

improvements is test-time scaling (Muennighoff039

et al., 2025): reasoning models often generate040

longer CoT, trade additional computation for041

accuracy. However, longer generations increase042
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Figure 1: (a) Quantized rollout alone introduces mis-
match. (b) Aligned QaRL alleviates it, improving per-
formance across model sizes, including MoE.

training-time cost, since RL continously samples 043

long responses during optimization. 044

Unlike SFT, which requires only a single for- 045

ward pass, a standard RL step (Sheng et al., 2024; 046

Hu et al., 2025) for LLMs involves three phases: 047

(i) rollout to generate responses, (ii) a forward pass 048

to compute token probabilities, and (iii) a back- 049

ward pass to update model via policy gradients. 050

Autoregressive decoding generates response token 051

by token, making rollouts the dominant cost, com- 052

prising roughly 70% of RL training time. Conse- 053

quently, quantizing rollout model is a natural way 054

to accelerate RL optimization (Liu et al., 2025b). 055

However, it also creates a training-inference mis- 056

match challenge: responses are sampled from low 057

bit rollout, while updates are performed by full pre- 058

cision learner. 059

To addresses both efficiency and stability, in this 060

work, we study quantization-aware RL. By exe- 061

1



cuting rollouts under low-bit quantization, we sub-062

stantially reduce the dominant generation cost and063

accelerate end-to-end RL training. To mitigate the064

resulting training-inference mismatch, we further065

perform rollout-aligned quantization-aware train-066

ing on the learner side, aligning learners policy067

with the quantized behavior used for sampling.068

Moreover, we find a critical failure mode in069

quantized rollouts: noise accumulates over long070

generations, producing off-trajectory repetitive071

and garbled tokens. These error tokens are typ-072

ically assigned very low probability under the073

policy, driving the policy ratio (and mismatch074

reweighting) to extreme. Such outliers are not re-075

liably controlled by standard PPO-style clipping,076

breaking the intended trust region behavior and077

destabilizing training. To address this, we intro-078

duce a trust-band control: we apply dual clip-079

ping tailored to negative samples and perform080

sequence-level objectives on both the policy ratio081

and the mismatch weight, drop entire responses082

that exceed the bands.083

Extensive experiments on math, logic and084

code benchmarks demonstrate that QaRL matches085

BF16 training performance and outperform quan-086

tized rollout training. Even on unstable MoE087

models such as Qwen3-30B-A3B-Base, QaRL088

achieves an average math score of 51.2, close to089

BF16’s 52.1 and surpassing quantized rollout’s090

45.7, while delivering a 1.3× training speedup091

over BF16. Our contributions are as follows:092

1. We present a practical quantized aware RL093

pipeline for decoupled, hybrid RL systems, and094

introduce QaRL to minimize the mismatch be-095

tween quantized rollouts and learner-side train-096

ing.097

2. We identify error tokens as the key cause of098

training instability under quantized rollouts,099

and propose Trust Band Policy Optimization100

(TBPO), a sequence-level dual-clipping strat-101

egy that keeps updates within a trust region and102

stabilizes convergence.103

2 Preliminaries104

2.1 Group Relative Policy Optimization.105

GRPO (Shao et al., 2024) is a PPO style (Schul-106

man et al., 2017) policy gradient objective that re-107

moves the value function (critic) and uses group108

relative rewards as the baseline. Given a query q,109

we sample a group of G responses {o1, . . . , oG}110

from the old policy oi ∼ πθold(· | q). Let ri be the111

scalar (verifiable) reward for oi and |oi| its length. 112

GRPO defines a group-normalized advantage Ai 113

(broadcast to tokens as Ai,t = Ai) and the token- 114

level importance ratio Ri,t(θ): 115

Ai =
ri −mean{r1, . . . rG}

std{r1, . . . rG}
,

Ri,t(θ) =
πθ(oi,t | qi)
πθold(oi,t | qi)

116

To prevent overly large updates and ensure the up- 117

date remains within the trust region (Schulman 118

et al., 2015), GRPO applies PPO-style clipping 119

and defines the token-level clipped policy loss: 120

Li,t(θ) = −min
(
Ri,t(θ)Ai, R̃i,t(θ)Ai

)
, 121

where R̃i,t = clip(Ri,t, 1− ϵ, 1+ ϵ) and ϵ controls 122

the trust region. The GRPO optimization objective 123

is defined as follows: 124

LGRPO(θ) = Eq, o∼πθold

 1

G

G∑
i=1

1

|oi|

|oi|∑
t=1

Li,t(θ)

 . 125

2.2 Quantization 126

Quantization accelerates LLM inference by en- 127

abling low-bit GEMM operations, where weights 128

and activations are compressed into low bit repre- 129

sentations that modern GPUs can process directly 130

via Tensor Core kernels. 131

Integer quantization. A full-precision tensor 132

W ∈ R is mapped to Wq ∈ Z via scale s and 133

zero-point z: 134

Quant : Wq = clamp

(⌊
W

s

⌉
+ z, qmin, qmax

)
,

Dequant : Ŵ = s (Wq − z),

135

where ⌊·⌉ denotes rounding. Quantized GEMM 136

computes the integer matmul and rescales the re- 137

sult (accumulating in higher precision): 138

Y ≈ sxsw ·
(
(Xq − zx) (Wq − zw)

)
. (1) 139

Floating-point quantization. For low-bit floating 140

formats (e.g., FP8/FP4), values are cast to reduced 141

precision with scaling: 142

Quant : s =
max(|W |)

α
, Wq =

[
W/s

]
FPk

,

Dequant : Ŵ = s ·Wq,

143

where [ · ]FPk denotes casting to FPk and α is 144

the maximum finite representable value (α = 6 145
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for e2m1FP4, α = 448 for e4m3FP8). Low-146

bit GEMM performs multiplication on quantized147

operands and rescales:148

Y ≈ (sxsw) ·
(
XqWq

)
, (2)149

with Xq,Wq as the low-bit floating representa-150

tions. We denote x-bit weight and y-bit activation151

quantization as WxAy.152

Quantization-Aware Training (QAT). To re-153

cover accuracy lost in low-bit conversion, QAT154

integrates quantization noise into the training155

loop (Liu et al., 2024). Specifically, it injects fake156

quant into the forward pass to simulate rounding,157

while master weights remain in full precision. The158

Straight-Through Estimator (STE) approximates159

gradients for non-differentiable backward pass.160

Fully Quantized Training (FQT). Distinct from161

QAT, which employs fake quant to merely sim-162

ulate quantization noise while maintaining high-163

precision arithmetic, Fully Quantized Training (or164

Low-Bit Training) fundamentally executes opera-165

tions using actual low-bit data types (e.g., FP8,166

INT8) (Xi et al., 2024; Zhao et al., 2025). By lever-167

aging low-precision hardware kernels for both for-168

ward and backward passes, this paradigm directly169

reduces the computational overhead and memory170

footprint of the training process itself.171

2.3 Training–Inference Mismatch in RL172

Modern LLM RL pipelines are typically hybrid173

systems: for throughput, rollouts are generated by174

a high-performance inference engine (e.g., vLLM,175

SGLang), while policy optimization are carried176

out by a training backend (e.g., FSDP/Mega-177

tron). Although both components load the same178

parameter θold, the rollout and the training en-179

gine may produce different results for the same180

query (LLMrollout(q) ̸= LLMtrain(q)). This oc-181

curs because they often implement different ker-182

nels (e.g., different attention kernels, batch vari-183

ant operations). As a result, the rollout en-184

gine induces a sampler policy πsampler(· | θold)185

that is not exactly the same distribution as the186

learner policy πlearner(· | θold). We refer to187

this discrepancy as training–inference (learner–188

sampler) mismatch.189

Consider PPO’s clipped objective:190

Ea∼πθold

[
min

(
rprox Â, clip(rprox, 1−ϵ, 1+ϵ) Â

)]
191

where proximal importance sampling rprox =192
π(a|θ)
π(a|θold)

and Â is an advantage estimate. In a hy-193

brid system, however, tokens are sampled from194

πsampler(· | θold), while rprox is computed using 195

learner’s distributions: 196

Ea∼πsampler(θold)

[
min

( πlearner(a | θ)
πlearner(a | θold)

Â,

clip(
πlearner(a | θ)
πlearner(a | θold)

, 1− ϵ, 1 + ϵ) Â
)] 197

Consequently, the trust region is enforced on the 198

sampler distribution rather than the learner distri- 199

bution, causing the update to deviate from its in- 200

tended target. Drawing inspiration from Decou- 201

pled PPO (Hilton et al., 2022), where a mismatch 202

between the behavior and proximal policies is cor- 203

rected via importance sampling, we can reweight 204

the updates by multiplying with the ratio: 205

wmismatch =
πlearner(a | θold)

πsampler(a | θold)
(3) 206

Applying wmismatch yields 207

Ea∼πsampler(θold)

[ πlearner(a | θold)

πsampler(a | θold)
·min

(
rprox Â,

clip(rprox, 1− ϵ, 1 + ϵ) Â
)]
.

(4) 208

Intuitively, this correction is conceptually orthog- 209

onal to PPO proximal ratio rprox = πlearner(a|θ)
πlearner(a|θold)

, 210

while wmismatch rectifies the distribution shift 211

caused by the system-level training–inference mis- 212

match. Together, they ensure policy optimization 213

remains within the learner’s trust region. Recent 214

works have further explored this direction, such 215

as TIS (Yao et al., 2025) (which truncates upper 216

bound of wmismatch) and MIS (Liu et al., 2025a) 217

(reject samples with overly large wmismatch and ap- 218

ply sequence level wmismatch). 219

3 Methods 220

3.1 Rollout-Aligned Quantization Aware 221

Reinforcement Learning 222

To alleviate the decoding bottleneck during roll- 223

outs, a practical approach is to quantize the rollout 224

model. By lowering the precision of weights and 225

activations (e.g., W8A8 or W4A16), we can sig- 226

nificantly accelerate rollout generation. However, 227

quantizing only the rollout engine (we term this 228

Quantized Rollout Training) introduces a more 229

severe form of training–inference mismatch. 230

In this regime, the sampler policy πsampler be-
comes a quantized approximation πquant-sampler,
while the learner policy πlearner typically remains
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Figure 2: Overview of the QaRL pipeline in a hy-
brid RL system. ¶ The quantized rollout engine θlowbit
generates samples. · The training engine maintains
θBF16 master weights and performs rollout-aligned low-
bit GEMM to compute current logprob. ¸ Policy gradi-
ents are computed using replay buffer data to update the
model via STE. ¹ The updated low-bit weights Wlowbit
are synchronized to the rollout engine.

full-precision πBF16-learner. The resulting mismatch
makes the importance weight

wmismatch =
πlearner

πsampler
=

πBF16-learner

πquant-sampler

drift far away from 1.00 as Fig. 4(d). When both231

sampler and learner operate in full precision, the232

mismatch is typically limited to implementation233

details (e.g. different kernels), so the distribu-234

tion shift is mild and can often be compensated235

by reweighting with wmismatch. In contrast, quan-236

tized rollout training introduces larger distribution237

gap and wmismatch become more extreme. This ef-238

fect is especially pronounced for long responses,239

quantization-induced errors accumulate across de-240

coding steps, making the divergence grow with re-241

sponse length and increasingly difficult to correct.242

To fundamentally resolve this mismatch, we align243

the learner with the quantized sampler by adopt-244

ing Quantization-Aware Reinforcement Learn-245

ing (QaRL).246

But building a quantized training pipeline in a247

decoupled hybrid RL stack is non-trivial: rollouts248

are generated by an inference engine, while policy249

optimization runs in a separate training backend.250

To address this challenge, we decompose our im-251

plementation into three components: (1) low-bit252

rollout inference, (2) rollout aligned quantiza-253

tion aware training, and (3) weight synchroniza-254

tion from training to inference. Concretely:255

1. Quantized inference in the rollout engine. 256

We deploy a low-bit rollout model in the inference 257

engine to accelerate decoding. Empirically, for 258

larger models (especially MoE), we observe that 259

W4A16 can deliver higher throughput than W8A8 260

due to memory constraints. Therefore, we support 261

both configurations to maximize rollout efficiency 262

across different model regimes. 263

2. Rollout aligned quantization aware train-
ing. On the training side, we maintain master
weights θBF16 in high-precision. Standard QAT
simulates quantization error by inserting fake-
quant operators

[
dequant[quant(θBF16)]

]
, while

computing in high precision. To minimize the gap
between πquant-sampler and πquant-learner, we perform
on-the-fly quantization during the forward pass:

Ŵlow-bit = Quant(θBF16)

Critically, rather than merely simulating quantiza- 264

tion, we execute low-bit GEMM directly on these 265

quantized tensors, thereby precisely mirroring the 266

arithmetic behavior of the rollout engine. Dur- 267

ing the backward pass, gradients are computed 268

via the Straight-Through Estimator (STE) and ap- 269

plied to the master weights θBF16. Our approach 270

lies between fake quant QAT and end-to-end low- 271

precision FQT: we execute the forward pass in low 272

bit while keeping the backward pass in full preci- 273

sion. We avoid FQT for larger quantization error 274

introduced by 4-bit gradients. 275

3. Weight updates from training to inference. 276

After each optimization step, the learners parame- 277

ters change, requiring the rollout engine to be re- 278

freshed accordingly. Since the training engine al- 279

ready materializes Ŵlow-bit for the aligned low-bit 280

GEMM, we directly publish these low-bit tensors 281

to the inference engine at each step. This avoids 282

redundant re-quantization and ensures the sampler 283

weights remain in the exact low-bit format learner 284

uses during forward. The overall pipeline is illus- 285

trated in Fig. 2. 286

Notably, unlike prior work (Wasti et al., 2025; 287

SGLang Team, 2025) that enforces strictly bitwise 288

consistent on-policy execution, our approach toler- 289

ates discrepancy between the sampler and learner 290

policies πquant-sampler ̸= πquant-learner and compen- 291

sates for it using wmismatch. Achieving bitwise 292

alignment requires both batch and tensor-parallel 293

invariance kernel, which is not a "free lunch", 294

incurring an average 2× slower (He and Lab, 295

2025; Zhang et al., 2025). Consequently, rather 296
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Figure 3: Token level policy clipping regions. Axes
represent token probabilities under the old and cur-
rent policies, with the slope defining the rprox =
probcurrent/probold, with arrows indicating the direction
of the policy update.

than bitwise-identical kernels, we focus on using297

aligned low-bit forward to ensure that optimiza-298

tion remains robustly within the intended trust re-299

gion. As for master weight precision, previous300

work (Qi et al., 2025) claims that using the finer301

granularity of θFP16 can mitigate mismatch. How-302

ever, we empirically find that using θFP16 with dy-303

namic loss scaling causes gradient NaN underflow,304

and this phenomenon does not occur with θBF16.305

3.2 Trust Band Policy Optimization306

Although rollout-aligned quantized training307

substantially mitigates instability arising from308

training–inference mismatch, we observe a re-309

maining failure mode: under-trained quantized310

policy tend to produce repetitive and garbled311

tokens in long responses, which we term error312

tokens, illustrated in appendix table 6. This313

stems from the error-amplification dynamics314

of autoregressive decoding: an error token at315

step t sends the model off-trajectory, causing316

subsequent tokens generated from a corrupted317

state and amplifying degradation.318

This phenomenon interacts closely with the319

trust-region control in PPO-style objectives. Stan-320

dard PPO clipping operates directionally: for posi-321

tive advantages, it constrains only the upper bound322

to (0, 1+ ϵ), while for negative advantages, it con-323

strains only the lower bound to (1−ϵ,+∞). These324

prevent the updated policy drift too far from the325

old policy in the update direction. Recently, sev-326

eral works have revisited this design. For example,327

DAPO (Yu et al., 2025) proposes clipping higher328

for A > 0 as C:extended region in Fig. 3(a), ar-329

guing that high-entropy which correspond to low-330

probability tokens, can encourage exploration.331

(a) (b)

(c) (d)

Figure 4: Distribution of token level rprox and
wmismatch. Lines indicate clipping boundaries.

Dual Clipping. In our setting, the more critical 332

issue emerges with negative samples. Empirically, 333

error tokens are rare in positive trajectories but pre- 334

dominate in negative ones. As shown in Fig. 4(c), 335

these negative error tokens are concentrated in the 336

low-probability regions of both the old and cur- 337

rent policies (πold,t and πθ,t). In this regime, the 338

PPO policy ratio becomes more sensitive to base- 339

line probabilities: 340

rprox,t =

{
0.80/0.77 ≈ 1.03 pold = 0.77, pθ = 0.80

0.05/0.02 = 2.5 pold = 0.02, pθ = 0.05
341

Here, identical absolute perturbations produce 342

dramatically different relative changes depending 343

on πold,t. For typical high-confidence tokens (e.g., 344

pold = 0.77 → pθ = 0.80), the ratio remains mod- 345

est at ≈ 1.07. Conversely, for low-probability tail 346

tokens (e.g., pold = 0.02 → pθ = 0.05), the ra- 347

tio explodes to 2.5. And low-prob tokens are in- 348

herently more prone to probability shifts. This ef- 349

fect is directly visible in Fig. 5(b): when πold is 350

small, negative-advantage tokens exhibit a much 351

heavier tail of rprox, producing extreme ratios. Un- 352

der At < 0, standard PPO clipping is one-sided 353

(it only enforces a lower bound), so these high 354

rprox tail tokens can dominate the gradient magni- 355

tude, inflate variance, and break the intended trust 356

region. To mitigate this failure mode, we lever- 357

age a negative dual clipping scheme (Ye et al., 358

2020): for A < 0, we not only enforce the lower 359

bound but also impose an explicit upper bound as 360
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(a) (b)

Figure 5: Relationship between rprox and old policy
probability. Low-probability negative tokens are more
prone to extreme rprox.

F:Dual region in Fig. 3(b), preventing exploding361

ratios from low-probability error tokens from dom-362

inating the update.363

Sequence Level Objectives. Furthermore,364

since RLVR optimize outcome rewards, GRPO’s365

token-level importance sampling serves merely as366

a first-order approximation. Token-level clipping367

fails to rectify mid-response errors: once a single368

token deviates, the subsequent tokens no longer lie369

on the intended trajectory (Fig 6).370

To remedy this, we return to a stricter trust-371

region view and treat each entire response as sin-372

gle action. Concretely, we apply sequence-level373

ratios and clipping (Zheng et al., 2025), mask374

out the entire responses from policy update when375

their sequence-level ratio exceeds the bounds. An-376

other advantage of sequence-level ratio is its abil-377

ity to discriminate error tokens and low-prob ex-378

ploration tokens, which token-level bounds can-379

not resolve. Error tokens typically occur in clus-380

ters, causing high variance in rseq-prox that readily381

exceeds trust-region thresholds. In contrast, ex-382

ploration tokens generate more stable sequence-383

level ratios, as the geometric averaging over the384

sequence reduces sensitivity to individual pertur-385

bations.386

Formally, we treat the entire response o =387

(o1, . . . , oL) as a single action and defining its388

sequence-level probability as the geometric mean389

of the token probabilities. Consequently, we for-390

mulate rseq-prox and wseq-mismatch:391

π(o | q) ≜ exp

(
1

L

L∑
t=1

log π(ot | q, o<t)

)
.392

rseq-prox(θ) ≜
πcurrent learner(o | q)
πold learner(o | q)

,393

wseq-mismatch(θ) ≜
πold learner(o | q)
πold sampler(o | q)

.394

𝐠𝐚𝐫𝐛𝐥𝐞𝐝	𝐭𝐨𝐤𝐞𝐧𝐬

to	accelerate	RL	RL	RL	RL	RL	RL	RL1focus\",class\\<^xml义务教育뤼¶Use	quantized	rollout

𝐫𝐞𝐩𝐞𝐭𝐢𝐭𝐢𝐯𝐞	𝐭𝐨𝐤𝐞𝐧𝐬

𝐠𝐞𝐧𝐞𝐫𝐚𝐭𝐞	𝐢𝐧	𝐜𝐨𝐫𝐫𝐮𝐩𝐭	𝐩𝐫𝐞𝐟𝐢𝐱

Figure 6: A mid response error propagates to fu-
ture tokens. Although the initial garbled tokens are

clipped, the repetitive tokens induced by this error are
not clipped by token-level objectives.

For mismatch weight, we truncate with a two- 395

sided cap to control variance: 396

w̃(θ) ≜ clip(w(θ), [− log c, log c]), (5) 397

where c > 1 is the TIS cap. For the proximal ratio, 398

positive-advantage samples use the standard PPO- 399

style bound [0, 1+ϵh], while negative samples are 400

constrained by dual-sided band [1− δℓ, 1 + δh]: 401

r̃(θ) =

{
clip(r(θ), 0, 1 + ϵh) if Â ≥ 0

clip(r(θ), 1− δl, 1 + δh) if Â < 0
402

Put everything together, the sequence-level surro- 403

gate (shared by all tokens in o) is 404

J (θ) = Eq, o∼πold sampler(·|q)

[
w̃(θ) · r̃(θ) · Â

]
. 405

406

4 Experiments 407

Training Setup. We utilize OpenR1-Math- 408

46K (Yan et al., 2025), a dataset of 46,000 409

mathematical problems, and conduct experiments 410

on Qwen2.5-Math-1.5B/7B, Qwen3-8B-Base, 411

and Qwen3-30B-A3B-Base (Yang et al., 2025). 412

We employ GRPO with TIS for the BF16 RL 413

baseline and quantized training, while GSPO is 414

adopted for MoE models to enhance stability. The 415

Muon optimizer (Jordan et al., 2024) exhibits 416

significantly faster convergence than AdamW and 417

is therefore used across all experiments; detailed 418

hyperparameters are provided in Appendix B. 419

Evaluation. We evaluate on math benchmarks 420

(AIME2024/2025, AMC, Math-500, Olympiad- 421

Bench (He et al., 2024), Minerva) and out-of- 422

distribution benchmarks (ARC-Challenge (Clark 423

et al., 2018), GPQA-Diamond (Rein et al., 2024), 424

LiveCodeBench, MMLU Pro). 425

4.1 Main Results 426

Table 1 and Fig. 7 demonstrate a consistent trend 427

across model scales: quantized rollout training un- 428

dermines stability and yields lower final accuracy 429
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Qwen2.5-1.5B-Math Qwen2.5-7B-Math

(𝑎) (𝑏) (𝑐) (𝑑)

Qwen3-8B-Base Qwen3-30B-A3B-Base

Figure 7: Training reward curves across different models. Our QaRL TBPO demonstrates stability over quan-
tized rollout training, and converging to reward levels nearly identical to the full-precision BF16 baseline.

Model
In-Distribution Performance Out-of-Distribution Performance

AIME 24/25 AMC MATH-500 Minerva Olympiad Avg. ARC-c GPQA MMLU-Pro LiveCodeBench Avg.

Qwen2.5-1.5B-Math 4.5/2.8 26.5 50.8 21.6 20.3 21.0 11.7 12.4 10.4 2.7 9.3

BF16 GRPO 12.5/9.2 43.5 71.4 36.2 34.5 34.5 58.9 27.8 26.7 11.9 31.3

w4a16 rollout GRPO 7.9/6.4 38.1 65.3 30.2 28.9 29.3 50.1 19.8 21.2 4.3 23.8

w4a16 QaRL TBPO 12.5/10.4 46.6 69.8 31.9 32.6 33.9 57.6 21.1 25.3 8.1 28.0

Qwen2.5-7B-Math 15.0/6.4 46.2 67.4 32.9 23.9 33.4 62.6 28.5 32.1 8.0 32.8

BF16 GRPO 19.5/11.6 59.6 80.0 45.9 43.4 43.3 80.4 38.2 46.3 14.6 44.8

w4a16 rollout GRPO 19.1/9.6 54.6 79.1 42.8 40.6 40.9 73.9 31.6 40.0 8.7 38.5

w4a16 QaRL TBPO 19.5/13.3 58.1 81.8 43.4 45.3 43.5 81.1 37.1 45.8 13.9 44.4

Qwen3-8B-Base 7.9/9.6 46.3 74.2 42.7 39.3 36.6 44.9 31.2 49.5 23.0 37.1

BF16 GRPO 28.3/19.3 64.3 88.1 54.5 56.7 51.8 93.0 46.3 65.1 45.7 62.5

w4a16 rollout GRPO 20.0/12.5 53.0 82.2 50.7 45.1 43.9 91.6 43.9 61.5 41.4 59.5

w4a16 QaRL TBPO 26.6/16.9 62.2 83.6 52.5 51.7 48.9 92.3 45.0 63.8 43.4 61.0

Qwen3-30B-A3B-Base 15.4/7.9 49.0 67.4 31.2 38.1 34.8 61.3 34.8 52.5 28.5 44.2

BF16 GSPO 27.9/21.6 63.2 88.8 54.7 56.7 52.1 95.2 50.1 70.3 55.8 67.8

w4a16 rollout GSPO 22.0/18.7 55.4 84.0 47.4 47.1 45.7 89.3 42.4 65.3 47.9 61.2

w4a16 QaRL TBPO 27.5/22.0 62.9 87.2 51.4 56.1 51.2 96.6 48.2 68.0 55.4 67.05

Table 1: Main results on in-distribution math and out-of-distribution benchmarks. LiveCodeBench results are
reported in pass@4, while all other metrics use pass@1.

than the BF16 RL baseline, whereas QaRL TBPO430

exhibits markedly improved stability, converging431

to BF16 comparable rewards. For instance, on432

the Qwen3-8B model, the average in-distribution433

math performance drops significantly from 51.8%434

(BF16) to 43.9% with quantized rollout training,435

while QaRL TBPO successfully maintain the per-436

formance to 48.9%, only 2.9% drop. Critically,437

QaRL TBPO recovers most of the degradation438

from quantized-rollout training, achieving near-439

baseline performance. Although quantized roll-440

out training under GSPO still suffers from router441

shift at each forward pass, TBPO remains stable442

on MoE models, achieving an average math score443

of 51.2%, nearly matching the 52.1% baseline.444

Beyond math, QaRL TBPO improves OOD445

performance vs quantized rollout training while446

matching BF16, demonstrating that gains arise447

from stable optimization and better generalization 448

rather than overfitting. 449

4.2 Ablation 450

Optimize objectives We conduct ablations to 451

validate TBPO’s effectiveness in mitigating error- 452

token interference under QaRL (Fig. 8). Overall: 453

TBPO achieves stable learning, high reward, and 454

tight KL control, while alternatives suffer from KL 455

drift or low sample efficiency. GSPO is unsta- 456

bleerror tokens in negatives cause KL drift and col- 457

lapse, degrading reward. MIS GSPO: Rejection 458

sampling reduces data efficiency and limits reward 459

ceiling. Positive GRPO: Discarding negatives 460

loses exploration and limits performance. On- 461

policy GRPO: Single updates per batch reduce 462

error amplification but hurt efficiency. Dual-clip 463

GRPO: Clipping bounds extreme ratios, yet to- 464
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(𝑎) (𝑏) (𝑐) (𝑑)

Figure 8: Training dynamics (Reward/KL) of Qwen2.5-Math 1.5B (a-b) and 7B (c-d) across different optimization
objectives.

(𝑎) (𝑏)

Figure 9: (a) Reward curves under different quant
scheme. (b) Per-step training time speedup ratio.

kens after error tokens remain contaminated, caus-465

ing incorrect learning. For comprehensive analy-466

sis of SAPO, please refer to Appendix D.4.467

Quantization Scheme We further ablate quan-468

tization schemes in QaRL-TBPO, comparing469

FP8W8A8, W4A16, and W4A8 against the BF16470

GRPO baseline (Fig. 9(a)). No substantial differ-471

ences emerge: all bit-widths exhibit similar reward472

curves and nearly identical final rewards. This sug-473

gests that, once stabilized via TBPO, RL conver-474

gence is largely insensitive to the specific low-bit475

format, and performance gains are not tied to a476

particular quantization choice. We adopt W4A16477

for most experiments due to its superior speed on478

larger models and broad hardware compatibility,479

whereas W4A8 requires more complex kernel sup-480

port. Results of TBPO used on quantized rollout481

training are detailed in appendix D.2.482

Speed Fig. 9(b) reports per-step training time483

normalized to BF16. Across 7B, 8B, and 30B-484

A3B MoE models, both QaRL and quantized roll-485

out training achieve speedups over BF16. For486

large-scale MoE models, quantized rollout train-487

ing delivers a 1.4× speedup, while QaRL achieves488

a 1.3× speedup, since QaRL incurs modest over-489

head from in-training quantization. Comparison490

of different quantization schemes are provided in491

appendix 11. We opted not to implement FP8 KV492

quantization, as KV quant currently fails to pro-493

vide meaningful throughput benefits in vLLM.494

5 Related Work 495

Quantization. Quantization accelerates and 496

compresses LLMs via post-training quantization 497

(PTQ) or quantization-aware training (QAT). PTQ 498

methods such as GPTQ (Frantar et al., 2022) 499

and AWQ (Lin et al., 2024) avoid retraining 500

but often struggle on reasoning models, where 501

long CoT generation induces distribution shift 502

and error accumulation beyond static calibration. 503

QAT methods (e.g., LLM-QAT (Liu et al., 2024), 504

EfficientQAT (Chen et al., 2025)) train with 505

quantization noise for better robustness, while 506

fully quantized training (Wang et al., 2025b) 507

executes low-bit arithmetic end-to-end to further 508

improve robustness and throughput. 509

Reinforcement Learning in LLMs. Mod- 510

ern reasoning models (e.g., DeepSeek-R1, 511

Qwen3 (Yang et al., 2025), Kimi-K2 (Moonshot 512

AI, 2025)) commonly build on GRPO. Recent 513

variants include DAPO (higher-bound clipping 514

to promote exploration), GSPO (sequence-level 515

importance sampling for MoE stability), and 516

ASPO (Wang et al., 2025a) (asymmetric sam- 517

pling for low-probability tokens). Building 518

on this line, we focus on stabilizing RL under 519

quantized rollouts and QAT by suppressing 520

quantization-induced errors during generation. 521

6 Conclusion and Limitations 522

We propose QaRL to mitigate the severe training- 523

inference mismatch in quantized-rollout RL via 524

rollout-aligned training, and identify error tokens 525

as a key driver of collapse under quantized roll- 526

outs, addressed by TBPO with a sequence-level 527

objective and dual clipping on negative samples. 528

Looking forward, we plan to explore fully quan- 529

tized RL training, and to replace costly, low- 530

utilization sequence-level optimization with token- 531

level approximations that retain stability while im- 532

proving efficiency and sample usage. 533
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Appdenix 774

A The Use of Large Language Models 775

(LLMs) 776

A large language model was utilized for grammat- 777

ical and stylistic refinement of the manuscript. Its 778

role was strictly limited to text editing and polish- 779

ing to enhance clarity. All research ideas, experi- 780

mental design, and analytical content are the orig- 781

inal work of the authors. 782

B Experiment Setting 783

Training. We use Verl (Sheng et al., 2024) as 784

the training framework and vLLM (Kwon et al., 785

2023) as the inference engine. All experiments are 786

conducted on 8× NVIDIA H800 GPUs. 787

Evaluation Dataset. We evaluate our approach 788

on standard in distribution mathematical datasets 789

including AIME2024, AIME2025 (Ye et al., 790

2025), AMC, Math-500 (Lightman et al., 2023), 791

OlympiadBench (He et al., 2024) and Min- 792

erva. To further investigate the generalizabil- 793

ity of quantized training, we extend evaluation 794

to out-of-distribution benchmarks such a out-of- 795

distribution benchmarks ARC-Challenge (Clark 796

et al., 2018), GPQA-Diamond (Rein et al., 2024), 797

LiveCodeBench (Naman Jain, 2024), MMLU 798

Pro (Wang et al., 2024). 799

Hyperparameters. 800

• seq_clip_ratio_high is ϵh, 801

• neg_seq_clip_ratio_high is δh and 802

neg_seq_clip_ratio_low is δl, 803

• seq_tis_imp_ratio_cap is c in equation 5. 804

C Batch invariant kernel 805

The root cause of output inconsistency across dif- 806

ferent kernel implementations lies in the finite pre- 807

cision of floating point accumulators. Due to the 808

non associativity of floating point addition, where 809

(a+b)+c = a+(b+c) the final result is sensitive to 810

the order of operations. To ensure bit-wise repro- 811

ducibility, it is necessary to enforce a fixed sum- 812

mation order regardless of the batch configuration, 813

leading to the design of a Batch-Invariant Kernel. 814

However, imposing a strict execution order often 815

comes at the cost of performance, as it restricts the 816

asynchronous parallelism and dynamic scheduling 817

inherent to GPU architectures. 818
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Parameter Name Value

trainer.nnodes 1
trainer.n_gpu_per_node 8
data.train_batch_size 512
data.max_prompt_length 2048
data.max_response_length 16384
rollout.n 8
rollout.temperature 1.0
rollout.top_p 1.0
val_kwargs.temperature 0.6
actor.ppo_mini_batch_size 64
actor.ppo_max_token_len_per_gpu 22528
optim.opt_type Muon
optim.lr 1e-6
optim.weight_decay 0.01
actor.use_kl_loss False
actor.seq_clip_ratio_high 0.0004
actor.seq_clip_ratio_low 0.0003
actor.neg_seq_clip_ratio_high 0.0007
actor.neg_seq_clip_ratio_low 0.0003
actor.seq_tis_imp_ratio_cap 2

Table 2: Hyperparameters for Experiment.

D More Experimental Results819

D.1 Speed on different quant scheme820

Fig. 11 illustrates the per-step training latency821

of various quantization schemes on Qwen3-30B-822

A3B (MoE), normalized to the BF16 baseline823

(dashed line at 1.0). Our results show that effi-824

ciency gains become increasingly significant from825

W8 to W4. This trend underscores that MoE train-826

ing is primarily memory/IO-bound; since MoE op-827

erators are almost inherently memory-bound dur-828

ing decoding, the weight bit-width directly dic-829

tates computational efficiency. Furthermore, lower830

precision reduces the memory footprint per model831

instance, minimizing the required GPU count and832

alleviating inter-GPU communication overheada833

benefit that becomes even more pronounced when834

intra-node interconnects (e.g., NVLink) are fully835

utilized. Consequently, we adopt W4 as the de-836

fault configuration for our primary experiments.837

D.2 More Ablation on TBPO838

To further evaluate the effectiveness of TBPO, par-839

ticularly its capability to mitigate the negative im-840

pact of "error tokens" generated by quantized roll-841

out engines, we conduct a ablation study against842

GRPO under different precision settings. As843

Qwen3-8B-Base
Method MATH-500 AIME25 AMC Avg.

BF16 GRPO 88.1 19.3 64.3 57.2
BF16 TBPO 86.3 20.0 62.4 56.2
w4a16 GRPO 82.2 12.5 53.0 49.2
w4a16 TBPO 84.9 13.3 58.3 52.1

Table 3: Performance comparison between GRPO
and TBPO under full-precision (BF16) and quantized
(w4a16) rollout training settings.

Figure 10: Comparison of RL training entropy

demonstrated in Table 3, TBPO achieves perfor- 844

mance on par with GRPO under BF16 precision. 845

However, under w4a16 quantized rollout training, 846

TBPO exhibits markedly superior robustness by ef- 847

fectively neutralizing error token interference dur- 848

ing optimization, thereby delivering an average 849

margin of 2.9 points over GRPO. While TBPO 850

provides some degree of mitigation for the mis- 851

match issues arising from quantized rollout train- 852

ing, the fundamental resolution lies in leveraging 853

QAT/QaRL or fully quantized training regimes to 854

eliminate systemic inconsistencies at their core. 855

D.3 Entropy of quantized RL training 856

Whereas Huang et al. (2025) Fig. 5 posits that 857

quantization errors during training may attenuate 858

Figure 11: Different quant scheme speed on Qwen3-
30B-A3B MoE model.
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Figure 12: Comparison of SAPO on QaRL

the entropy reduction in RL, our empirical find-859

ings present a more nuanced picture. Across860

both quantized rollout training and QAT/QaRL861

paradigms (Fig. 10), quantization discrepancies862

are progressively assimilated throughout the opti-863

mization process, yielding no discernible entropy864

elevation relative to the BF16 baseline. The en-865

tropy escalation observed in the latter stages of866

w4a16 quantized rollout training stems from the867

over-optimization of error tokens, which precipi-868

tates repetitive generation patterns.869

D.4 Comparsion of soft weighted methods870

SAPO871

SAPO (Gao et al., 2025) introduces a soft adap-872

tive weighting mechanism as a nuanced alternative873

to hard clipping, aiming to bolster optimization874

stability in MoE architectures. Through dynamic875

reweighting of token contributionsassigning di-876

minishing importance to tokens whose advantage877

ratios deviate further from unitySAPO adeptly878

discriminates between erroneous tokens (demand-879

ing substantial correction) and exploration tokens880

(that foster policy discovery). Nevertheless, as ev-881

idenced in Fig. 12, SAPO remains unable to sur-882

pass TBPO in the context of quantized RL training.883

We posit that this suboptimal performance stems884

from SAPO’s continued assimilation of responses885

containing error tokens, despite attenuating their886

individual contributions to policy updates. Crit-887

ically, such response sequences are globally off-888

distribution, rendering them intrinsically unsuit-889

able for stable policy learning. This observation890

reaffirms the paramount importance of constrain-891

ing sequence-level optimization objectives within892

the trust region, while simultaneously attesting to893

the elegance and principled simplicity inherent in894

TBPO’s design.895

E Detail of TBPO 896

To effectively optimize the policy while maintain- 897

ing training stability, we define the sequence-level 898

importance weights and mismatch factors. Specif- 899

ically, for a given query q and its corresponding 900

output sequence o of length L, we introduce the 901

sequence-level proximity ratio rseq-prox(θ) and the 902

sequence-level mismatch weight wseq-mismatch(θ) 903

as illustrated in Fig. 13. 904

Instead of using a simple product of token-level 905

probabilities, which often leads to vanishing or 906

exploding gradients in long-context scenarios, we 907

employ the geometric mean of token-level ratios 908

(formulated as the exponential of the average log- 909

difference). This design ensures that the impor- 910

tance weights remain numerically stable across 911

varying sequence lengths. rseq-prox(θ) serves to 912

constrain the policy update within a reliable trust 913

region by measuring the drift from the previous 914

learner, while wseq-mismatch(θ) accounts for the dis- 915

tributional shift between the historical sampling 916

policy and the current optimization baseline. 917
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rseq-prox(θ) ≜
πcurrent learner(o | q)
πold learner(o | q)

= exp

(
1

L

L∑
t=1

(log πcurrent learner − log πold learner)(ot | q, o<t)

)
,

wseq-mismatch(θ) ≜
πold learner(o | q)
πold sampler(o | q)

= exp

(
1

L

L∑
t=1

(log πold learner − log πold sampler)(ot | q, o<t)

)
.

Figure 13: Sequence ratio and weight definition.

GRPO token level clipping & weighting

Response1: Use quantized rollout engine to to to to to to to to to to to to to accelerate RL

wide sees gr 1 ContributionsÐśÐţÐ

Response2: Train -inference mismatch is a primary cause of training collapse in RL

Response3: Aha 2 ! We can clip error token to keep optimization in trust region

TBPO sequence level clipping & weighting

Response1: Use quantized rollout engineto to to to to to to to to to to to to to accelerate RL

wide sees gr ContributionsÐśÐţÐ

Response2: Train-inference mismatch is a primary cause of training collapse in RL

Response3: Aha! We can clip error token to keep optimization in trust region

Table 6: Comparison of clipping and weighting strategies. Gray highlights clipped tokens, while different colors
represent varying weighting magnitudes (darker shades indicate weights further from 1). GRPO employs token-
level clipping and weighting, whereas TBPO utilizes sequence-level granularity. In GRPO, the garbled tokens
(marked by 1) are not clipped, while the exploration tokens (marked by 2) are clipped. In contrast, TBPO’s
sequence-level approach correctly clips the garbled tokens without erroneously clipping the exploration tokens.
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