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Abstract001

Reinforcement learning with verifiable rewards002
(RLVR) has emerged as a powerful paradigm003
for improving reasoning capabilities. How-004
ever, training RLVR with Mixture-of-Experts005
(MoE) policies remains fragile and is often006
prone to reward collapse. We identify a MoE-007
specific source of instability, referred to as008
router shift (RS), where changes in expert rout-009
ing across policy updates exacerbate off-policy010
mismatch. This effect leads to increasingly011
volatile importance-ratio signals and bursty012
clipping behavior, which consistently precede013
training collapse. Motivated by this diagnosis,014
we propose Router-Shift Policy Optimization015
(RSPO). RSPO computes a per-token router-016
shift ratio conditioned on the previously acti-017
vated experts, applies stop-gradient and a lower-018
bound floor, and softly rescales importance ra-019
tios prior to clipping and aggregation. This020
design explicitly accounts for routing-induced021
distributional drift during off-policy optimiza-022
tion. We evaluate the effect of RSPO under023
two settings: a synthetic countdown task and024
real-world reasoning tasks on MATH and Code.025
Across both settings, RSPO achieves better per-026
formance and exhibits greater stability com-027
pared to recent MoE-based RLVR methods.028

1 Introduction029

Reinforcement learning with verifiable rewards030

(RLVR) has become a central approach for post-031

training large language models (LLMs) in reason-032

ing and code generation. By relying on determinis-033

tic, rule-based verifiers that provide sparse correct-034

ness signals, RLVR has been shown to elicit strong035

reasoning behaviors and achieve substantial gains036

on challenging tasks such as mathematical prob-037

lem solving and program synthesis (OpenAI, 2024;038

Guo et al., 2025; Yang et al., 2025; Team et al.,039

2025a; Chen et al., 2025). In parallel, Mixture-040

of-Experts (MoE) architectures offer an efficient041

scaling mechanism by activating only a small sub-042

set of experts per token (Fedus et al., 2022), making043
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Figure 1: Training instability on MoE. Training re-
ward versus step for GRPO and GRPO-style stabiliza-
tions (GSPO/GMPO/RSPO) on Qwen2.5-MoE under
the Countdown RLVR setting. Our RSPO achieves
better performance while exhibiting stronger stabil-
ity.

them particularly attractive for large-scale RLVR 044

training where computational efficiency is critical. 045

Despite these advances, directly applying RLVR 046

to MoE models remains brittle and often exhibits 047

severe training instability (Zheng et al., 2025; Chen 048

et al., 2025; Yang et al., 2025). As illustrated in 049

Fig. 1, GRPO can suffer from abrupt reward col- 050

lapse on MoE models. A key MoE-specific chal- 051

lenge is router drift (also referred to as router fluctu- 052

ation): the activated experts and their routing prob- 053

abilities for the same token may change substan- 054

tially across policy updates (Dai et al., 2022; Zheng 055

et al., 2025). Such routing changes can amplify 056

off-policy mismatch and destabilize optimization. 057

Moreover, RLVR commonly uses sequence-level 058

rewards (binary correctness for an entire solution), 059

while many practical implementations still apply 060

token-level importance ratios and clipping, leading 061

to additional variance and further compounding 062

instability. 063

Existing stabilizations address this problem 064

only partially. GSPO (Zheng et al., 2025) and 065

GMPO (Zhao et al., 2025) reduce variance mis- 066
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match by using sequence-level likelihood ratios or067

geometric-mean aggregation, which improves ro-068

bustness to token-level outliers. However, these069

methods do not explicitly control the impact of070

routing drift on off-policy updates. A seemingly071

straightforward alternative is to constrain routing072

directly, e.g., freezing the router or replaying rout-073

ing (Zheng et al., 2025) decisions across updates.074

In our experiments, these rigid strategies are unsat-075

isfactory: freezing harms router adaptivity to the076

RL objective, while replay-based constraints limit077

router exploration and can degrade performance078

(see Sec. 5.4 and Appendix D).079

In this work, we provide a concise diagnosis that080

links routing instability to optimization instabil-081

ity. Using lightweight training-time signals (with-082

out logging full token-level ratio distributions), we083

show that routing stability degrades over train-084

ing and coincides with increasingly volatile off-085

policy mismatch signals and bursty clipping ac-086

tivity, which together increase the risk of reward087

collapse (Sec. 3). This diagnosis motivates a tar-088

geted intervention: to stabilize MoE off-policy RL,089

we should directly reduce the influence of tokens090

whose routing behavior drifts substantially across091

updates, without hard-freezing the router or fully092

replaying routing decisions.093

Motivated by this, we propose Router-Shift094

Policy Optimization (RSPO), a router-aware095

modification to GRPO-style objectives. RSPO com-096

putes a per-token router-shift ratio from router097

scores on the old activated experts across MoE lay-098

ers, applies a simple processing step (stop-gradient099

and lower-bound flooring), and multiplies the re-100

sulting trust weight into the importance ratio before101

the usual clipping and aggregation. This yields a102

soft adjustment mechanism: tokens with severe103

routing deviations contribute less to the policy up-104

date, mitigating routing-induced off-policy mis-105

match while preserving router adaptivity.106

We evaluate RSPO under two complementary107

regimes. In a small-scale diagnostic setting108

(Qwen2.5-MoE on Countdown) (See Fig. 1), router-109

shift weighting consistently stabilizes GRPO and110

its variants when used as a plug-in component. In a111

large-scale benchmark setting (Qwen3-30B-A3B),112

RSPO (GMPO+RS) improves downstream Pass@1113

on both math and code benchmarks and yields114

more stable training-time routing/optimization di-115

agnostics compared to GRPO. Overall, our results116

highlight the importance of router-aware stabiliza-117

tion for MoE RLVR. Our main contributions are:118

• Diagnosis of MoE instability in off-policy 119

RLVR. We provide measurable evidence link- 120

ing router drift to volatile off-policy mismatch 121

signals and bursty clipping behavior that pre- 122

cede reward collapse. 123

• Router-aware soft stabilization. We propose 124

RSPO, which computes a per-token router-shift 125

ratio from old activated experts and uses it as 126

a detached, floored trust weight to rescale im- 127

portance ratios prior to clipping/aggregation, 128

preserving router adaptivity. 129

• Empirical validation at two scales. We show 130

that router-shift weighting acts as a plug-in sta- 131

bilization module on Qwen2.5-MoE (Count- 132

down) and that RSPO improves stability and 133

final performance on Qwen3-30B-A3B across 134

both math and code benchmarks. 135

2 Preliminaries 136

Group Relative Policy Optimization (GRPO). 137

Given a query x, GRPO samples a group of G 138

responses {yi}Gi=1 ∼ πθold(· | x) and computes 139

group-relative advantages from a scalar reward 140

r(x, yi). Let Âi denote the normalized group ad- 141

vantage (shared across tokens in yi), and define the 142

token-level importance ratio 143

wi,t(θ) ≜
πθ(yi,t | x, yi,<t)

πθold(yi,t | x, yi,<t)
. (1) 144

GRPO optimizes a PPO-style clipped surrogate at 145

the token level: 146

ℓGRPO
i,t (θ) ≜ min

(
wi,t(θ)Âi, clip

(
wi,t(θ), 1− ϵ, 1 + ϵ

)
Âi

)
, (2) 147

and averages it over tokens and group samples (full 148

objective in Appendix E). 149

Group Sequence Policy Optimization (GSPO). 150

GSPO addresses the mismatch between sequence- 151

level rewards and token-level ratios by defining a 152

sequence-level importance ratio via the geometric 153

mean: 154

si(θ) ≜ exp

 1

|yi|

|yi|∑
t=1

logwi,t(θ)

 . (3) 155

It then applies clipping at the sequence level: 156

ℓGSPO
i (θ) ≜ min

(
si(θ)Âi, clip

(
si(θ), 1− ϵ, 1 + ϵ

)
Âi

)
, (4) 157

with the full expectation/averaging form given in 158

Appendix E. 159
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Geometric-Mean Policy Optimization (GMPO).160

GMPO also leverages geometric aggregation to re-161

duce sensitivity to extreme token-wise ratios, but162

(unlike GSPO) keeps the token-level structure and163

typically performs token-wise clipping before geo-164

metric aggregation. We provide the complete for-165

mulation in Appendix E.166

3 Diagnosing Instability in MoE167

Off-Policy RL168

In this section, we characterize a failure mode169

frequently observed when applying off-policy RL170

(e.g., GRPO) to MoE language models: training171

becomes unstable and may collapse. Our goal is to172

provide measurable evidence linking routing insta-173

bility (router drift between θ and θold) to increas-174

ingly volatile off-policy mismatch signals and more175

frequent activation of clipping mechanisms, which176

together contribute to optimization instability and177

eventual collapse.178

3.1 Symptom: Training Instability and179

Reward Collapse180

We start by illustrating the instability phenomenon181

on Qwen2.5 MoE trained with GRPO under the182

countdown task and rule-based reward protocol.183

Following GRPO, for each query x we sample G184

candidate responses {yi}Gi=1 ∼ πθold(· | x) and185

optimize the objective in Eq. (2) with ratio defined186

in Eq. (1).187

We operationally define collapse as a sharp and188

sustained drop in validation score/reward accompa-189

nied by abnormally large KL / gradient norms. As190

shown in Fig. 1, GRPO can exhibit abrupt collapse191

on MoE models. GSPO mitigates collapse but of-192

ten remains oscillatory, while GMPO may delay193

collapse yet can still fail in long runs.194

This section establishes that instability is not an195

anecdotal artifact: it is a reproducible symptom in196

MoE off-policy RL and motivates a deeper diagno-197

sis of its underlying cause.198

3.2 Measuring Router Drift via a Router-Shift199

Ratio200

We next introduce a lightweight statistic to quantify201

routing instability between the current policy θ =202

(ϕ, ψ) and the old policy θold = (ϕold, ψold). Let203

ci,t = (x, oi,<t) denote the decoding context at204

token position t of response oi. At each MoE layer205

ℓ ∈ {1, . . . , L}, the router produces a distribution206

over experts, denoted by r(ℓ)ϕ (e | ci,t).207

Old activated experts. For each token (i, t) and 208

layer ℓ, let {e(ℓ,k)i,t }Kk=1 be the top-K expert in- 209

dices selected by the old router ϕold (i.e., the ex- 210

perts activated when computing the old-policy log- 211

probabilities). We measure how much the current 212

router changes its probability mass on these old 213

activated experts. 214

Router-shift ratio. We first compute the layer- 215

wise routing deviation 216

d
(ℓ)
i,t ≜

1

K

K∑
k=1

∣∣∣log r(ℓ)ϕ

(
e
(ℓ,k)
i,t | ci,t

)
− log r

(ℓ)
ϕold

(
e
(ℓ,k)
i,t | ci,t

)∣∣∣. (5) 217

and aggregate it across layers: 218

∆i,t ≜
1

L

L∑
ℓ=1

d
(ℓ)
i,t . (6) 219

We then define the router-shift ratio as a bounded 220

coefficient 221

γi,t ≜ exp(−∆i,t) ∈ (0, 1], (7) 222

where larger routing deviations yield smaller γi,t. 223

Logged severity statistics. In our large-scale 224

GRPO runs, we log router-shift statistics as de- 225

tached diagnostics. For numerical stability, we 226

apply a floor γmin (we use γmin = 0.8 in our im- 227

plementation): 228

γ̄i,t ≜ max(γi,t, γmin),ClipFracγmin
≜ Pr(γi,t < γmin). (8) 229

Intuitively, ClipFracγmin
measures the fraction of 230

tokens whose routing deviation is severe enough 231

to fall below the threshold γmin. We use these 232

statistics to track how routing instability evolves 233

during training. 234

3.3 Router Drift Amplifies Off-Policy 235

Mismatch and Triggers Clipping 236

Instability 237

As shown in Fig. 2, GRPO training on Qwen3- 238

30B-A3B for math reasoning exhibits a clear 239

reward-collapse behavior at scale. We next analyze 240

training-time stability signals to characterize how 241

routing instability relates to off-policy optimization 242

dynamics. 243
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Routing-side instability. The top row of Fig. 5244

tracks routing-severity signals derived from the245

router-shift ratio. Under GRPO, the router-shift246

ratio decreases while the router-shift clip fraction247

increases over training, indicating that routing devi-248

ations across policy updates become progressively249

more severe.250

Optimization-side instability. The bottom row251

of Fig. 5 reports two lightweight optimization di-252

agnostics: the importance-ratio signal (logged as253

ppo_kl) and the clipping activity pg_clipfrac.254

As routing drift accumulates, the importance-ratio255

signal becomes increasingly volatile and exhibits256

pronounced spikes, accompanied by more bursty257

clipping.258

Together, these patterns suggest an instability259

cascade in which router drift amplifies off-policy260

mismatch and triggers frequent clipping, increasing261

the risk of training collapse.262

Summary and Design Implications. We sum-263

marize our diagnosis as follows. First, MoE off-264

policy RL exhibits reproducible training instability265

and reward collapse (Fig. 1). Second, routing stabil-266

ity degrades over training, as reflected by a decreas-267

ing router-shift ratio and an increasing router-shift268

clip fraction (top row of Fig. 5). Third, this routing269

instability coincides with increasingly volatile off-270

policy mismatch signals and more frequent activa-271

tion of clipping constraints (bottom row of Fig. 5),272

which together increase the risk of unstable opti-273

mization and eventual collapse.274

These observations suggest that stabilizing MoE275

off-policy RL requires directly controlling the im-276

pact of routing drift on off-policy updates while277

preserving router adaptivity (i.e., without hard-278

freezing the router or fully replaying routing deci-279

sions). Motivated by this, in the next section we280

introduce a router-aware soft adjustment that uses281

the per-token router-shift ratio to down-weight the282

importance-ratio contribution of tokens with severe283

routing deviations.284

4 Method285

4.1 Overview286

Sec. 3 shows that, in MoE off-policy RL, routing287

stability can degrade across policy updates and is288

accompanied by increasingly volatile off-policy289

mismatch signals and frequent clipping activations,290

which may culminate in reward collapse. Exist-291

ing GRPO-style objectives (e.g., GSPO/GMPO)292

improve stability mainly through alternative ratio 293

aggregation and clipping strategies, but they do not 294

explicitly control the impact of router drift on the 295

importance ratio. 296

We propose Router-Shift Policy 297

Optimization (RSPO), a lightweight router- 298

aware modification that can be plugged into GRPO 299

and its variants. The key idea is to reuse the 300

per-token router-shift ratio γi,t defined in Sec. 3.2 301

as a trust signal, and multiply a processed version 302

of it into the importance ratio before the base 303

algorithm applies its clipping/aggregation steps. 304

4.2 Router-Shift Weight as a Plug-in 305

Rescaling 306

Processed router-shift weight. Let γi,t ∈ (0, 1] 307

denote the router-shift ratio defined in Sec. 3.2. We 308

apply two practical operations: (i) stop-gradient so 309

it acts purely as a sample weight, and (ii) flooring 310

to avoid vanishing contributions. Concretely, 311

γ̃i,t ≜ sg
[
max(γi,t, γmin)

]
, (9) 312

where γmin ∈ (0, 1] is a hyperparameter and sg[·] 313

denotes stop-gradient. 314

Rescaling the importance ratio (before clipping). 315

For any GRPO-style objective, define the token- 316

level importance ratio 317

wi,t(θ) =
πθ(oi,t | ci,t)
πθold(oi,t | ci,t)

, ci,t = (x, oi,<t). (10) 318

RSPO replaces wi,t(θ) with a router-aware adjusted 319

ratio 320

w̃i,t(θ) ≜ wi,t(θ) · γ̃i,t, (11) 321

and feeds w̃i,t(θ) into the same clipping/aggrega- 322

tion pipeline of the underlying base objective (GR- 323

PO/GSPO/GMPO). In other words, RSPO inserts 324

a single rescaling step right before the base algo- 325

rithm’s clipping, leaving the rest unchanged. 326

Implementation note (log-space). Since ratios 327

are computed in log space in our implementa- 328

tion, Eq. (11) is implemented stably as log w̃i,t ← 329

(log πθ− log πθold)+ log γ̃i,t before exponentiation. 330

4.3 Instantiation Used in This Paper 331

In our main experiments, we instantiate RSPO on 332

top of GMPO (denoted as GMPO+RS, or RSPO) 333

since GMPO provides a strong and stable GRPO- 334

style base objective for RLVR. In Sec. 5.3 we fur- 335

ther show that the same router-shift rescaling can 336

also be plugged into GRPO and GSPO, consistently 337

improving training stability. 338
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5 Experiments339

5.1 Experimental Setup340

Models and training regimes. We evaluate our341

method under two complementary regimes. Small-342

scale diagnostic setting. We conduct exploratory343

experiments and ablations on a Qwen2.5-MoE344

model pretrained on the Countdown task, primarily345

to stress-test training stability and isolate the effect346

of router-shift weighting. Large-scale benchmark347

setting. For final evaluation, we train Qwen3-30B-348

A3B on math and code tasks to assess downstream349

generalization at scale.350

Baselines and hyperparameters. We compare351

against GRPO and two representative GRPO-style352

variants designed to improve stability: GSPO and353

GMPO. For GRPO we adopt the commonly used354

clipping range ϵ=0.2; GSPO/GMPO follow the355

recommended settings reported in their respective356

papers. All methods are trained under the same357

rollout budget (8 samples/step) to ensure fair com-358

parison. For our method, we use a fixed router-shift359

floor γmin = 0.8 across both small and large set-360

tings and apply stop-gradient through the router-361

shift weight when used for optimization. We re-362

port mean results over 3 random seeds for training363

curves.364

Training data and rule-based rewards. All set-365

tings use verifiable, rule-based rewards (RLVR).366

For the small-scale Countdown setting, training367

data is generated following the procedure of Qin368

et al. (2025). For large-scale math training, we369

use DeepScaleR (Luo et al., 2025). For large-370

scale code training, we combine multiple verifi-371

able sources, including PrimeIntellect, LeetCode,372

TACO, and LiveCodeBench.373

Evaluation protocol. For the small-scale setting,374

we monitor training progress by periodically evalu-375

ating on a held-out Countdown test set. For the376

large-scale setting, we evaluate both math and377

code. For math, we follow the Dr.GRPO protocol378

and report Pass@1 accuracy on five benchmarks:379

AIME24, AMC23, MATH500 (Hendrycks et al.,380

2021), Minerva (Lewkowycz et al., 2022), and381

OlympiadBench (Huang et al., 2024); AIME24 re-382

sults are averaged over 32 runs. For code, we report383

Pass@1 on three benchmarks: MBPP, HumanEval,384

and LiveCodeBench. Unless otherwise stated, de-385

coding is deterministic (temperature = 0.0) with386

one sample per input.387
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Figure 2: Training reward dynamics on Qwen3-30B-
A3B. Training reward versus training step on the math
RLVR setting. GRPO exhibits a clear reward collapse in
the later stage of training, whereas GMPO remains more
stable. RSPO (GMPO+RS) maintains stable training
and achieves consistently higher reward.

Additional details are provided in Appendix A.1. 388

5.2 Main Results 389

Table 1 summarizes the final Pass@1 performance 390

on Qwen3-30B-A3B after RL training. On math 391

reasoning, GMPO+RS (RSPO) achieves the best 392

average accuracy (77.1), improving over GM- 393

PO/GSPO (76.4) and GRPO (71.5). The gains 394

are most apparent on challenging benchmarks such 395

as Minerva and OlympiadBench, while remaining 396

competitive on MATH500 where GMPO/GSPO 397

are already strong. On code, RSPO yields con- 398

sistent improvements across all three benchmarks, 399

increasing the average from 82.5 (GMPO) to 85.2 400

and substantially outperforming GRPO (70.7). All 401

reported results are averaged over three random 402

seeds. 403

Figure 2 further illustrates training dynamics 404

on Qwen3-30B-A3B. GRPO exhibits a clear re- 405

ward collapse in the later stage of training, whereas 406

GMPO is more stable but converges to a lower re- 407

ward level. In contrast, RSPO (GMPO+RS) main- 408

tains stable training and achieves the highest reward 409

trajectory, supporting our claim that router-aware 410

weighting improves both stability and final perfor- 411

mance at scale. 412

5.3 Ablations 413

Component contribution: router-shift weighting 414

on top of GMPO. To isolate the effect of router- 415

shift weighting in our final method, we compare 416

GMPO with RSPO (GMPO+RS) under the same 417

large-scale protocol. As shown in Table 1, adding 418
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Table 1: Main results on Qwen3-30B-A3B. Pass@1 (%) on math and code benchmarks.

Math Code

Method AIME24 AMC23 MATH500 Minerva OlympiadBench Avg. LCB MBPP HumanEval Avg.

Base 80.4 90.0 90.7 47.7 62.0 74.2 52.9 86.4 83.5 74.3
GRPO (Shao et al., 2024) 77.0 82.5 91.8 48.2 58.1 71.5 41.2 81.4 89.6 70.7
GSPO (Zheng et al., 2025) 80.4 95.0 93.6 48.9 64.0 76.4 58.8 87.2 95.1 80.4
GMPO (Zhao et al., 2025) 80.1 92.5 94.2 49.3 65.9 76.4 64.7 87.2 95.7 82.5
GMPO+RS (RSPO) 80.1 95.0 94.2 50.7 65.8 77.1 70.5 88.2 97.0 85.2
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Figure 3: Sensitivity to the router-shift floor γmin

(validation score). Validation score versus training
step on Qwen3-30B-A3B under the math RLVR setting.
Curves correspond to γmin ∈ {0.2, 0.5, 0.8}, with all
other hyperparameters fixed.

router-shift weighting yields consistent improve-419

ments: on math, the average Pass@1 increases420

from 76.4 (GMPO) to 77.1; on code, it increases421

from 82.5 to 85.2. In addition to improved final422

accuracy, RSPO exhibits substantially more stable423

training dynamics than GRPO and reaches higher424

reward than GMPO (Fig. 2), supporting that router-425

shift weighting provides a complementary stabiliza-426

tion effect beyond geometric aggregation alone.427

Sensitivity to the floor γmin. We sweep γmin ∈428

{0.2, 0.5, 0.8} on Qwen3-30B-A3B and evaluate429

training progress using the validation score tracked430

during RL training. Fig. 3 shows that γmin = 0.5431

and 0.8 lead to comparable validation trajectories,432

while a too-small floor (e.g., 0.2) can over-suppress433

tokens with severe routing drift, weakening learn-434

ing signals and degrading convergence. Unless435

otherwise stated, we use γmin = 0.8 as the default436

in all experiments.437

Router-shift as a plug-in component. Router-438

shift weighting is a minimal modification that439

can be inserted into different GRPO-style objec-440

tives. On the Qwen2.5-MoE Countdown setting,441

0 250 500 750 1000 1250 1500 1750 2000
Training Steps

0.2

0.3

0.4

0.5

0.6

0.7

0.8

Re
wa

rd
 S

co
re

GMPO
GMPO + RS
GRPO
GRPO + RS
GSPO
GSPO + RS

Figure 4: Router-shift as a plug-in stabilization mod-
ule (Qwen2.5-MoE, Countdown). Training reward
versus step for GRPO/GSPO/GMPO (solid) and their
router-shift counterparts (dashed), using the same color
per base algorithm.

we add the same router-shift weight (Sec. 4) to GR- 442

PO/GSPO/GMPO while keeping their original clip- 443

ping/aggregation choices unchanged. Fig. 4 shows 444

that router-shift consistently stabilizes training and 445

improves the final reward/validation performance, 446

with particularly strong benefits for GRPO which 447

is most prone to collapse in MoE settings. This 448

suggests that router-aware weighting is comple- 449

mentary to existing variance-control mechanisms 450

and can serve as a general stabilization module. 451

Why stop-gradient on the router-shift weight? 452

By default, we treat the router-shift weight as a 453

detached sample weight. Allowing gradients to 454

flow through the router-shift weight leads to rapid 455

instability in our small-scale setting; for clarity, we 456

report this ablation in Appendix B (Fig. 6). This 457

motivates applying stop-gradient to the router-shift 458

weight throughout the paper. 459

5.4 Alternative Router Stabilization Strategies 460

We additionally evaluate two intuitive strategies 461

that directly constrain router dynamics: router 462

freezing and routing replay. Freezing disables 463

router updates entirely, assuming pretrained rout- 464

ing is already aligned with the RL objective. Rout- 465
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ing replay caches routing decisions from the old466

policy and reuses them when evaluating the current467

policy, thereby eliminating routing drift.468

In our experiments, these rigid strategies are not469

satisfactory: freezing the router limits adaptation to470

the RLVR objective, while routing replay restricts471

router exploration and incurs non-trivial memory/-472

communication overhead due to caching routing473

traces across layers and tokens. In contrast, RSPO474

achieves stable training without hard constraints475

by softly down-weighting tokens with severe rout-476

ing deviations. We provide additional comparisons477

and implementation details for these alternatives in478

Appendix D.479

5.5 Mechanism Diagnostics480

To validate the mechanism identified in Sec. 3,481

we log lightweight training-time diagnostics that482

are available without recording full token-level483

ratio distributions. Specifically, we track (i)484

routing-severity signals from the router-shift ra-485

tio (Sec. 3.2), and (ii) optimization-side signals486

including the importance-ratio diagnostic (logged487

as ppo_kl in our code) and the PPO/GRPO clip-488

ping fraction pg_clipfrac. Across runs, we use489

the same threshold as in training, γmin = 0.8, when490

reporting router-shift clip fraction.491

RSPO stabilizes both router-side and492

optimization-side signals. Fig. 5 contrasts493

GRPO and RSPO on Qwen3-30B-A3B. Under494

GRPO, routing stability degrades over training495

(router-shift ratio decreases and router-shift clip496

fraction rises), and the importance-ratio signal497

becomes increasingly volatile with bursty clipping498

activity. In contrast, RSPO maintains substan-499

tially more stable routing-severity statistics and500

reduces the volatility of both the importance-ratio501

diagnostic and pg_clipfrac, consistent with our502

hypothesis that softly down-weighting tokens503

with severe routing drift mitigates the instability504

cascade that can lead to reward collapse. We505

additionally report training entropy as an auxiliary506

indicator of policy collapse in Appendix Fig. 7.507

5.6 Efficiency and Overhead508

RSPO introduces additional overhead mainly from509

caching routing statistics needed to compute the510

router-shift weight (Sec. 3.2) and applying a per-511

token rescaling to the importance ratio. On Qwen3-512

30B-A3B, RSPO incurs a 20.8% reduction in train-513

ing throughput compared to GMPO under the same514

training configuration, retaining 79.2% of GMPO 515

throughput. 516

In terms of memory, RSPO caches old top-K 517

routing information for each token and MoE layer. 518

For Qwen3-30B-A3B with L=48, K=8, batch 519

size 128, and response length 8192 (about 1.05M 520

tokens per step), storing old top-K routing proba- 521

bilities in FP16 requires approximately 0.75 GiB 522

per device. Storing the corresponding expert in- 523

dices requires an additional 0.75 GiB if stored as 524

16-bit integers (since there are 128 experts), yield- 525

ing about 1.5 GiB extra memory in total. This over- 526

head scales linearly with the per-device batch size 527

and sequence length, and can be reduced by us- 528

ing compact index types and/or offloading cached 529

indices to CPU memory. 530

6 Related Work 531

6.1 Reinforcement Learning for LLMs 532

DeepSeek-R1 (Guo et al., 2025) demonstrates the 533

effectiveness of RLVR-style training for eliciting 534

strong reasoning in LLMs. Its core optimiza- 535

tion method, Group Relative Policy Optimization 536

(GRPO) (Shao et al., 2024), simplifies PPO (Schul- 537

man et al., 2017) by removing the value model 538

and using group-relative advantages. Following 539

this line, several GRPO-style systems and anal- 540

yses target efficiency and stability: DAPO (Yu 541

et al., 2025) introduces dynamic sampling and 542

larger clipping thresholds, while Dr. GRPO (Liu 543

et al., 2025) studies and mitigates length bias by 544

modifying GRPO’s normalization terms. More 545

broadly, recent works note that token-level impor- 546

tance ratios can induce high-variance updates un- 547

der sequence-level rewards, motivating alternative 548

aggregations. GMPO (Zhao et al., 2025) stabi- 549

lizes optimization via geometric-mean aggregation, 550

and GSPO (Zheng et al., 2025) similarly advocates 551

sequence-level ratios and arrives at a closely re- 552

lated geometric-mean formulation. Notably, GSPO 553

reports that geometric aggregation is particularly 554

helpful when applying RL to Mixture-of-Experts 555

(MoE) models (Zheng et al., 2025). 556

6.2 Stability in MoE Training 557

MoE models scale capacity through sparse expert 558

activation but introduce challenges such as load 559

imbalance and routing instability. Switch Trans- 560

former (Fedus et al., 2022) addresses these issues 561

with an auxiliary load-balancing loss and capac- 562

ity constraints, while Loss-Free Balancing (Wang 563

7



0.9825

0.9850

0.9875

0.9900

0.9925

0.9950

0.9975

1.0000
Ro

ut
er

 sh
ift

 ra
tio

0.000

0.002

0.004

0.006

0.008

0.010

Ro
ut

er
 sh

ift
 c

lip
 fr

ac
tio

n
0 50 100 150 200 250 300 350 400

Training Steps

0.0004

0.0003

0.0002

0.0001

0.0000

0.0001

0.0002

0.0003

0.0004

Lo
g 

im
po

rta
nc

e 
ra

tio

0 50 100 150 200 250 300 350 400
Training Steps

0.0000

0.0005

0.0010

0.0015

0.0020

0.0025

pg
_c

lip
fra

c

GRPO
RSPO (GMPO + RS)

Figure 5: Mechanism diagnostics on Qwen3-30B-A3B (math RLVR). Router-side severity signals (top row) and
optimization-side signals (bottom row) over training for GRPO vs RSPO. RSPO keeps routing deviations smaller
and reduces volatility and bursty clipping in off-policy updates.

et al., 2024a) adjusts routing biases to improve564

expert utilization without auxiliary-loss interfer-565

ence. StableMoE (Dai et al., 2022) highlights566

routing fluctuation as a key source of instability567

and proposes stabilizing routing via distillation568

and freezing. Another line of work improves op-569

timization under non-differentiable top-k routing570

through differentiable or straight-through relax-571

ations (Wang et al., 2024b; Puigcerver et al., 2023;572

Zhou et al., 2022). MoE models can be especially573

brittle under RL fine-tuning due to sparse rewards574

and high-variance gradients, which further exac-575

erbate routing fluctuations. For RL-specific sta-576

bilization, GSPO (Zheng et al., 2025) proposes577

reusing expert assignments and clipping sequence-578

level ratios to reduce off-policy variance, and Ring-579

lite (Team et al., 2025b) regularizes routing through580

constrained token-level routing budgets.581

7 Conclusion582

We studied a practical instability in off-policy RL583

training for Mixture-of-Experts language models.584

Our diagnosis indicates that router drift across pol-585

icy updates co-occurs with volatile off-policy mis-586

match signals and bursty clipping activity, which587

can culminate in reward collapse. Motivated by588

this mechanism, we proposed Router-Shift Policy589

Optimization (RSPO), a lightweight router-aware 590

modification to GRPO-style objectives that com- 591

putes a per-token router-shift ratio from old acti- 592

vated experts, applies stop-gradient and a lower- 593

bound floor, and rescales importance ratios before 594

clipping/aggregation. This soft adjustment pre- 595

serves router adaptivity while reducing the impact 596

of tokens with severe routing deviations. 597

Empirically, router-shift weighting acts as a plug- 598

in stabilizer on Qwen2.5-MoE (Countdown), im- 599

proving stability for GRPO/GSPO/GMPO, and 600

RSPO (GMPO+RS) yields consistent gains on 601

Qwen3-30B-A3B across both math and code 602

benchmarks. More broadly, our results suggest 603

that explicitly accounting for router dynamics is a 604

key design principle for stable MoE post-training. 605

Limitations 606

Our study focuses on stabilizing off-policy RLVR 607

for top-K routed MoE LLMs and has several limita- 608

tions. First, most of our large-scale evaluations are 609

conducted on the Qwen3-30B-A3B MoE architec- 610

ture; while we also include small-scale diagnostics 611

on Qwen2.5-MoE, additional evidence on other 612

MoE routing designs (e.g., expert-choice routing) 613

would strengthen generality. Second, we primarily 614

consider verifiable, rule-based rewards for math 615

8



and code; the behavior under dense, learned, or616

preference-based rewards may differ. Third, our617

router-shift weight relies on cached old top-K rout-618

ing statistics, which introduces non-zero memo-619

ry/throughput overhead that may become more no-620

ticeable at longer sequence lengths or larger local621

batch sizes. Finally, we do not conduct a systematic622

study of interactions between RSPO and explicit623

MoE load-balancing objectives; we leave this to624

future work.625

Ethical Considerations626

All datasets used in this work are publicly avail-627

able for research purposes, and all evaluated LLMs628

are accessible either as open-weight models or via629

public APIs. We do not anticipate major ethical630

concerns arising from this study.631
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A Experimental Details740

A.1 Models and Training Configurations741

Small-scale setting (Qwen2.5-MoE, Count-742

down). The Qwen2.5-MoE model used in the743

small-scale diagnostic setting contains 12 Trans-744

former layers. Each MoE layer has 8 experts and745

activates 1 expert per token (top-k=1). The model746

is pretrained on the Countdown task; the Count-747

down dataset is generated following the procedure748

described in Qin et al. (2025). For RL training in749

this setting, the maximum response length is 8K750

tokens.751

Large-scale setting (Qwen3-30B-A3B, Math/-752

Code). The Qwen3-30B-A3B model contains753

48 Transformer layers (L=48). Each MoE layer754

has 128 experts and activates 8 experts per token755

(K=8). For RL training in this setting, the maxi-756

mum response length is 8K tokens.757

Batch sizes and rollout group size. Across both758

settings, we use rollout group size G=8. For the759

small-scale setting, the global training batch size760

is 256 with mini-batch size 64. For the large-scale761

setting, the global training batch size is 128 with762

mini-batch size 64.763

A.2 Algorithms and Hyperparameters764

We use the same algorithmic choices across small765

and large settings unless otherwise stated. For766

GRPO, we use symmetric clipping with ϵlow =767

ϵhigh = 0.2. For GMPO and GSPO, we follow the768

clipping ranges recommended in their original pa- 769

pers: GMPO uses (ϵlow, ϵhigh) = (e−0.4, e0.4), and 770

GSPO uses (ϵlow, ϵhigh) = (3 × 10−4, 4 × 10−4). 771

For RSPO, we fix the router-shift floor to γmin = 772

0.8 in all experiments and apply stop-gradient 773

through the router-shift weight when used for opti- 774

mization (Sec. 4). 775

A.3 Rule-based Reward Verifiers 776

All tasks use verifiable, rule-based rewards (RLVR) 777

with binary rewards in {0, 1}. For Countdown, re- 778

wards are computed by directly matching the model 779

output to the target format/answer. For math reason- 780

ing, we verify final answers using a deterministic 781

math verifier (math_verify). For code, we exe- 782

cute generated programs in a sandbox environment 783

against unit tests; reward is 1 if all tests pass (and 784

the program runs successfully), and 0 otherwise. 785

A.4 Evaluation Protocol Details 786

Math benchmarks. We follow the Dr.GRPO 787

evaluation protocol and report Pass@1 accuracy. 788

AIME24 results are averaged over 32 repeated eval- 789

uations. Decoding is deterministic with tempera- 790

ture = 0. 791

Code benchmarks. We report Pass@1 on MBPP, 792

HumanEval, and LiveCodeBench. For Live- 793

CodeBench, we evaluate using the v4–v5 bench- 794

mark suite. For training-time LiveCodeBench data, 795

we use problems released prior to v5 to avoid leak- 796

age. Decoding uses temperature = 0 and maximum 797

generation length of 32K tokens. 798

B Stop-Gradient on the Router-Shift 799

Weight 800

As shown in Figure. 6 on the small Qwen2.5- 801

MoE, backpropagating through γ triggers early 802

collapse in both reward and validation curves, 803

whereas the stop-grad setting yields smooth 804

and stable optimization. Intuitively, since γ = 805

exp(−|∆ log r|) aggregates layer-wise routing 806

drift, letting ∂ log γ/∂θ flow couples the router- 807

shift penalty with the sequence-level geometric ob- 808

jective and clipping, thereby amplifying variance 809

under non-smooth top-K routing. 810

C Training Entropy 811

We report training-time policy entropy as an auxil- 812

iary indicator of distribution collapse. A sharp drop 813

in entropy suggests the policy becomes overly de- 814

terministic (mode collapse), which often co-occurs 815

10
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Figure 7: Training entropy on Qwen3-30B-A3B
(math RLVR). Average token-level policy entropy dur-
ing training for GRPO, GSPO, GMPO, and RSPO
(GMPO+RS). GRPO rapidly collapses to near-zero en-
tropy, while the other methods maintain higher entropy.

with unstable optimization. Fig. 7 shows that816

GRPO quickly exhibits a dramatic entropy decay,817

whereas GSPO/GMPO and RSPO maintain sub-818

stantially higher entropy throughout training, con-819

sistent with improved stability.820

D Additional Attempts on Router821

Stabilization822

In addition to RSPO, we explored several heuristic823

strategies that aim to stabilize MoE RL training824

by explicitly constraining router dynamics. This825

appendix provides implementation details and em-826

pirical observations for these alternatives, which827

complement the brief discussion in Sec. 5.4.828

All experiments in this section are conducted in829

the small-scale diagnostic setting (Qwen2.5-MoE 830

on Countdown) under the same RLVR protocol as 831

Sec. 5.1. 832

(i) Freezing the router. A straightforward ap- 833

proach is to freeze the router parameters through- 834

out RL training, i.e., keeping ϕ fixed (no router 835

updates) while updating the remaining parameters. 836

This removes router drift by construction, but im- 837

plicitly assumes that the pretrained routing is al- 838

ready well aligned with the RL objective. In prac- 839

tice, freezing reduces the model’s ability to adapt 840

expert allocation to the evolving policy updates and 841

rewards, which can limit performance. 842

(ii) Routing replay with logit copying (logit re- 843

play). Motivated by the routing replay idea dis- 844

cussed in GSPO, we implement a variant that di- 845

rectly reuses the old router logits when evaluating 846

the current policy during optimization. Concretely, 847

during the update step, we replace the current router 848

logits (or routing scores) with those cached from 849

the old policy ϕold, so that both expert selection 850

and expert weighting are fully aligned with the old 851

router. A drawback is that the current router is 852

no longer used to compute routing logits, so gra- 853

dients cannot propagate to the router parameters, 854

effectively preventing router learning. 855

(iii) Routing replay with expert-index reuse (in- 856

dex replay). As an alternative, we cache only the 857

old top-K expert indices {e(ℓ,k)i,t }Kk=1 selected by 858

ϕold and enforce the current policy to route to these 859

stored indices during the update. Unlike logit re- 860

play, the current router still computes its own rout- 861

ing scores on the reused indices, but the discrete 862

expert choices are constrained. This preserves the 863

old routing support while allowing limited router 864

gradients, at the cost of restricting router explo- 865

ration and potentially introducing mismatch when 866

the optimal routing changes. 867

Empirical results. Fig. 8 summarizes the train- 868

ing dynamics under these three strategies (router 869

freezing, logit replay, and index replay). Overall, 870

none of the rigid approaches consistently improves 871

stability or final performance compared with our 872

soft router-aware adjustment: freezing limits adap- 873

tation, while replay-based variants constrain router 874

learning/exploration and may still exhibit unstable 875

optimization behavior. 876

Practical considerations. Routing replay re- 877

quires caching routing traces (logits or indices) 878
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Figure 8: Alternative router stabilization strategies
on Qwen2.5-MoE (Countdown). Training reward (or
validation score) versus training step for (i) freezing the
router, (ii) routing replay by copying old router logits
(logit replay), and (iii) routing replay by reusing old
expert indices (index replay).

across tokens and MoE layers, which can incur879

non-trivial memory and communication overhead880

in distributed training. In contrast, RSPO uses only881

lightweight statistics on old activated experts and882

applies a detached per-token weight, achieving sta-883

bilization without hard constraints.884

E Full Objectives of GRPO-Style885

Baselines886

GRPO. Given x ∼ D, sample {yi}Gi=1 ∼887

πθold(· | x). The GRPO objective averages the888

token-level clipped surrogate:889

JGRPO(θ) = Ex,{yi}

[
1

G

G∑
i=1

1

|yi|

|yi|∑
t=1

ℓGRPO
i,t (θ)

]
,

(12)890

where wi,t(θ) is defined in Eq. (1) and ℓGRPO
i,t (θ) is891

defined in Eq. (2). The group-relative advantage892

Âi is computed by normalizing rewards within the893

group (mean/std over {r(x, yi)}Gi=1).894

GSPO. GSPO computes the sequence-level ratio895

si(θ) (Eq. (3)) and applies sequence-level clipping:896

JGSPO(θ) = Ex,{yi}

[
1

G

G∑
i=1

ℓGSPO
i (θ)

]
, (13)897

where ℓGSPO
i (θ) is defined in Eq. (4).898

GMPO. GMPO uses geometric aggregation to899

form a robust sequence-level ratio, commonly by900

clipping token-wise ratios before aggregating: 901

s̄i(θ) ≜ exp

 1

|yi|

|yi|∑
t=1

log clip
(
wi,t(θ), ϵ1, ϵ2

) ,

(14) 902

and then optimizes a GRPO-style surrogate using 903

s̄i(θ) and Âi (the exact clipping bounds follow each 904

method’s recommended settings). 905
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