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ABSTRACT

Off-policy reinforcement learning for LLMs uses importance sampling with clip-
ping to handle distribution shift from stale rollouts. MIS-PO extends this with
trajectory-level filtering based on geometric mean ratios, claiming stability bene-
fits. We ask: is trajectory-level filtering necessary, or does the ratio-based crite-
rion matter? We design a three-condition experiment: MIS-PO (full method), To-
kenOnly (token-level filtering only), and RandomTraj (random trajectory rejection
matching MIS-PO’s acceptance rate). On MATH-500 with staleness s∗ = 256,
TokenOnly (59.25%) dramatically outperforms MIS-PO (2.85%) by 56.4 per-
centage points. RandomTraj (40.85%) outperforms MIS-PO by 38.0pp despite
identical acceptance rates, demonstrating that random selection achieves 14× bet-
ter accuracy than ratio-based selection. Analysis reveals that MIS-PO’s narrow
bounds [0.996, 1.001] systematically retain trajectories closest to the reference
policy, which carry minimal learning signal. Token-level importance weighting
alone suffices and approaches published GRPO baselines.
WARNING: This paper was generated by an automated research system. The code
is publicly available.1

1 INTRODUCTION

Reinforcement learning has become central to improving large language model capabilities, from
alignment with human preferences to enhancing reasoning abilities (Shao et al., 2024; Yu et al.,
2025). In practice, rollout generation is often decoupled from gradient computation: high-
throughput inference engines produce trajectories while separate training systems compute updates.
This disaggregation introduces policy staleness—rollouts may be generated by a policy several gra-
dient steps behind the current training policy—creating distribution shift that can destabilize opti-
mization (Fu et al., 2025; Zheng et al., 2025b).

To address this challenge, MIS-Filtered Policy Optimization (MIS-PO) (Huang et al., 2026) pro-
poses dual-level importance sampling with binary accept/reject filtering. Beyond standard token-
level clipping that masks tokens with importance ratios outside [0.5, 2.0], MIS-PO introduces
trajectory-level filtering that rejects entire trajectories whose geometric mean ratio falls outside
narrow bounds [0.996, 1.001]. The trajectory-level mechanism is motivated by the intuition that
it removes “catastrophically off-policy” trajectories, providing stability benefits.

However, an alternative explanation exists: the stability gains may come primarily from rejecting
some trajectories (reducing effective batch size), rather than from the ratio-based selection of which
trajectories to reject. Without a control that holds trajectory acceptance count fixed while random-
izing selection, it is unclear whether the ratio-based criterion provides genuine value.

We design a three-condition experiment to isolate this mechanism: MIS-PO with full dual-level
filtering, TokenOnly that removes trajectory-level filtering entirely, and RandomTraj that matches
MIS-PO’s acceptance count while selecting trajectories uniformly at random. Our experiments
on MATH-500 with staleness s∗ = 256 reveal that trajectory-level filtering is actively harmful:
TokenOnly (59.25%) outperforms MIS-PO (2.85%) by 56.4 percentage points. Furthermore, the
ratio-based selection criterion is counterproductive—RandomTraj (40.85%) outperforms MIS-PO

1https://gitlab.com/fars-a/mispo-randomtraj-mechanism
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by 38.0pp despite identical acceptance rates, demonstrating that random selection achieves 14×
better accuracy. Analysis reveals the mechanism: MIS-PO’s narrow bounds [0.996, 1.001] system-
atically retain trajectories closest to the reference policy (σ = 0.0012), which carry minimal learning
signal, while RandomTraj-accepted trajectories have 22× higher variance (σ = 0.026), capturing
more informative samples. Our findings suggest that token-level importance weighting alone suf-
fices and approaches published GRPO baselines within 5pp.

2 RELATED WORK

Off-Policy Reinforcement Learning for LLMs. Reinforcement learning has become central
to aligning large language models with human preferences and improving reasoning capabilities.
Group Relative Policy Optimization (Shao et al., 2024) introduced group-based advantage estima-
tion that normalizes rewards within sampled groups, enabling effective training without learned
reward models. Subsequent work has extended this paradigm: GSPO (Zheng et al., 2025a) applies
sequence-level optimization with group normalization, while DAPO (Yu et al., 2025) scales rein-
forcement learning systems with dynamic sampling and clip-higher strategies. BAPO (Xi et al.,
2025) addresses off-policy stability through balanced optimization with adaptive clipping bounds.
AReaL (Fu et al., 2025) demonstrates that asynchronous training with stale rollouts can achieve
competitive performance when properly managed. These methods primarily focus on token-level
importance weighting and clipping, leaving trajectory-level filtering mechanisms less explored.

Trajectory-Level Filtering in RL. Several approaches have proposed trajectory-level selection
criteria to improve training stability. Trust Region Masking (Li et al., 2025) introduces masking
mechanisms for long-horizon LLM reinforcement learning, selectively updating based on trajectory-
level trust region violations. MIS-PO (Huang et al., 2026) extends this with dual-level filtering:
token-level clipping combined with trajectory-level bounds on geometric mean importance ratios.
Other trajectory selection strategies include rejection sampling approaches (Chen et al., 2026) that
filter trajectories based on actor-policy mismatch, and selective rollout methods (Zheng et al., 2025c)
that prioritize informative samples. Our work directly tests whether such trajectory-level filtering
provides genuine benefits or merely reduces effective batch size.

Stability and Distribution Shift in Policy Optimization. Managing distribution shift between
behavior and target policies is fundamental to off-policy learning. Trust Region Policy Optimiza-
tion (Schulman et al., 2015) constrains policy updates to maintain proximity to the previous pol-
icy, while PPO (Schulman et al., 2017) achieves similar effects through clipped surrogate objec-
tives. Recent work has identified additional stability challenges in LLM training, including length
bias (Singhal et al., 2023) where longer responses receive disproportionate gradient contributions,
and sequence-level fairness issues (Mao et al., 2025) requiring careful normalization. Our investi-
gation reveals that overly restrictive trajectory filtering can paradoxically harm stability by inducing
gradient starvation.

3 METHOD

3.1 BACKGROUND: MIS-PO DUAL-LEVEL FILTERING

MIS-Filtered Policy Optimization (MIS-PO) (Huang et al., 2026) addresses distribution shift in
off-policy reinforcement learning for LLMs through dual-level importance sampling with binary
accept/reject filtering. Given a trajectory τ = (a1, . . . , aT ) generated by an inference policy πθvllm

and a training policy πθold , MIS-PO defines per-token importance ratios:

ρ(at) =
πθold(at | st)
πθvllm(at | st)

(1)

and a trajectory-level ratio as the geometric mean:

ρ(τ) = exp

(
1

T

T∑
t=1

log ρ(at)

)
(2)
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Figure 1: Experimental design for testing MIS-PO’s trajectory-level filtering mechanism. Three
conditions isolate the contribution of trajectory filtering: MIS-PO (full method with ratio-based
trajectory bounds [0.996, 1.001]), TokenOnly (token-level filtering only, no trajectory rejection), and
RandomTraj (random trajectory rejection matching MIS-PO’s acceptance rate). All conditions use
identical GRPO token-level importance weighting and train on MATH-500 with staleness s∗ = 256.

MIS-PO applies two filtering mechanisms: (1) token-level filtering that masks tokens with ρ(at) /∈
[0.5, 2.0], and (2) trajectory-level filtering that rejects entire trajectories with ρ(τ) /∈ [0.996, 1.001].
The trajectory-level bounds are notably narrow, accepting only trajectories whose geometric mean
ratio deviates by less than 0.4% from unity.

3.2 EXPERIMENTAL DESIGN

We design a three-condition experiment to isolate the contribution of trajectory-level filtering (Fig-
ure 1):

MIS-PO (Baseline). The full method applies both token-level and trajectory-level filtering:

MMIS-PO(τ) = I[ρ(τ) ∈ [0.996, 1.001]] ·
T∏

t=1

I[ρ(at) ∈ [0.5, 2.0]] (3)

TokenOnly (Ablation). This condition removes trajectory-level filtering while retaining token-
level filtering:

MTokenOnly(τ) =

T∏
t=1

I[ρ(at) ∈ [0.5, 2.0]] (4)

All trajectories are accepted; only individual tokens outside the ratio bounds are masked.

RandomTraj (Control). This condition matches MIS-PO’s trajectory acceptance count Nacc
while randomizing which trajectories are accepted:

Nacc =

N∑
i=1

I[ρ(τi) ∈ [0.996, 1.001]] (5)

We uniformly sample exactly Nacc trajectories from the batch, ignoring ρ(τ) for selection, then
apply the same token-level mask as MIS-PO. This isolates whether stability gains come from which
trajectories are rejected (ratio-based selection) or simply from how many are rejected (acceptance
rate).
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Table 1: Main experimental results comparing three trajectory filtering conditions on MATH-500
(avg@4 pass@1). TokenOnly dramatically outperforms MIS-PO by 56.4pp, while RandomTraj
outperforms MIS-PO by 38.0pp despite identical acceptance rates. Published baselines from M2PO
paper shown for context. Best results in bold.

Method MATH-500 (%) Best Step Mean Grad Norm Traj Accept (%)

Our Experiments
MIS-PO 2.85 250 0.00979 17.55
TokenOnly 59.25 225 0.07930 100.0
RandomTraj 40.85 450 0.01485 10.81

Published Baselines (M2PO Paper, s∗ = 256)
GRPO 64.3 – – –
GSPO 65.0 – – –
M2PO 71.8 – – –

3.3 EXPERIMENTAL SETUP

We train Qwen3-1.7B-Base on the DeepScaleR-Preview-Dataset using GRPO (Shao et al., 2024)
with group-based advantage normalization. Following prior work on off-policy LLM train-
ing (Zheng et al., 2025b), we induce controlled policy staleness by using rollouts generated s∗ = 256
gradient steps behind the current policy. This staleness level was selected via pilot experiments to
produce non-degenerate trajectory acceptance rates (30–70% initially).

All conditions train for 500 steps with batch size 2048 trajectories. We evaluate on MATH-
500 (Hendrycks et al., 2021) using avg@4 pass@1 (4 samples per problem at temperature 1.0,
majority vote). Training stability is measured via gradient norm statistics (mean, 99th percentile,
maximum) and trajectory acceptance rates logged at each update step.

4 EXPERIMENTS

4.1 MAIN RESULTS

Table 1 presents the main experimental results comparing our three conditions on MATH-500. The
results reveal a striking pattern: trajectory-level filtering is not just unnecessary but actively harmful.

TokenOnly achieves 59.25% accuracy, dramatically outperforming MIS-PO (2.85%) by 56.4 per-
centage points. This gap far exceeds any reasonable noise margin—for a 500-problem benchmark,
the standard error is approximately 2.2pp, making this difference statistically unambiguous. To-
kenOnly also approaches the published GRPO baseline (64.3%) within 5pp, confirming that our
experimental setup is sound and that token-level importance weighting alone is sufficient for com-
petitive performance.

RandomTraj achieves 40.85% accuracy, outperforming MIS-PO by 38.0pp despite using identical
trajectory acceptance rates by construction. This demonstrates that MIS-PO’s ratio-based selection
criterion is not just unnecessary but counterproductive—random selection at the same acceptance
rate yields 14× better accuracy. The ratio-based criterion systematically selects the least informative
trajectories.

4.2 TRAINING DYNAMICS

Figure 2 shows the training dynamics across all three conditions. The left panel displays learning
curves, revealing TokenOnly’s rapid improvement to 59.25% accuracy while MIS-PO stagnates near
zero throughout training. RandomTraj shows intermediate learning, reaching 40.85% by step 450.

The right panel reveals the acceptance rate collapse mechanism. Both MIS-PO and RandomTraj
experience trajectory acceptance collapse to below 5% by step 300, as the policy diverges from
the stale reference. However, their learning outcomes differ dramatically: RandomTraj maintains
productive learning despite the collapse, while MIS-PO suffers gradient starvation. MIS-PO’s mean
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Figure 2: Training dynamics comparison across three conditions. (a) Learning curves showing
MATH-500 accuracy over training steps. TokenOnly achieves 59.25% (approaching published
GRPO baseline of 64.3%), RandomTraj reaches 40.85%, while MIS-PO stagnates at 2.85%. (b)
Trajectory acceptance rate collapse: both MIS-PO and RandomTraj experience acceptance collapse
to <5% by step 300, but RandomTraj maintains learning while MIS-PO suffers gradient starvation.

Figure 3: Distribution analysis of accepted trajectories. (a) Histogram comparison showing MIS-PO
accepts only trajectories with log ρ(τ) within a narrow window (σ = 0.0012), while RandomTraj
accepts trajectories with 22× higher variance (σ = 0.026). The red dashed lines indicate MIS-PO’s
[0.996, 1.001] acceptance bounds. (b) Box plot comparison confirming that 61.4% of RandomTraj-
accepted trajectories would be rejected by MIS-PO’s criterion.

gradient norm (0.00979) is 8× lower than TokenOnly’s (0.07930), reflecting not stability but the
absence of learning signal.

4.3 MECHANISM ANALYSIS

Figure 3 explains why MIS-PO’s ratio-based selection is counterproductive. The distribution analy-
sis reveals that MIS-PO’s narrow acceptance bounds [0.996, 1.001] systematically retain trajectories
closest to the reference policy.

MIS-PO-accepted trajectories have mean log ρ(τ) = −0.000358 with standard deviation σ =
0.0012, indicating trajectories almost identical to the reference policy. In contrast, RandomTraj-
accepted trajectories have σ = 0.026—22× higher variance—capturing more diverse samples that
drive learning. A Kolmogorov-Smirnov test confirms these distributions are significantly different
(statistic = 0.568, p < 0.001).

Critically, 61.4% of trajectories accepted by RandomTraj would be rejected by MIS-PO’s criterion.
These are precisely the trajectories that carry learning signal—they represent policy changes that the
model should learn from. By rejecting them, MIS-PO systematically filters out the most informative
samples, retaining only those that provide minimal gradient signal.
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5 CONCLUSION

We investigated whether MIS-PO’s trajectory-level filtering is necessary for stable off-policy LLM
training. Our three-condition experiment reveals that trajectory-level filtering is not just unnecessary
but actively harmful: TokenOnly (59.25%) outperforms MIS-PO (2.85%) by 56.4pp, while Random-
Traj (40.85%) outperforms MIS-PO by 38.0pp despite identical acceptance rates. The ratio-based
criterion systematically selects uninformative trajectories closest to the reference policy, causing gra-
dient starvation. Token-level importance weighting alone suffices and approaches published GRPO
baselines.

Limitations. Our results are specific to staleness s∗ = 256; other staleness levels may exhibit
different behavior. The narrow trajectory bounds [0.996, 1.001] may be appropriate for different
staleness regimes.

Future Work. Adaptive trajectory filtering that responds to training dynamics, rather than fixed
ratio bounds, may provide genuine stability benefits without sacrificing learning signal.
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