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ABSTRACT

Kalman Policy Optimization (KPO) stabilizes reinforcement learning with veri-
fiable rewards (RLVR) by applying Kalman filtering to smooth token-level im-
portance sampling ratios. However, the Kalman filter adds complexity through
covariance state tracking and adaptive gain computation. We analyze KPO’s
Kalman filter and show that with fixed noise parameters (QQ = 1076, vV = 1),
the Kalman gain K is deterministic—depending only on token position, not ob-
servations. This means a scheduled exponential moving average (EMA) with
ay = K, is mathematically equivalent (MSE < 10~'%). We propose EMA-KPO,
which replaces Kalman filtering with this scheduled EMA, eliminating state track-
ing while preserving filtering behavior. On mathematical reasoning benchmarks,
EMA-KPO matches KPO-clipped (identical 12.29% on AIME’24, +1.45pp on
MATH-500) and preserves training stability, avoiding the entropy collapse that
affects GRPO. Our analysis reveals that KPO’s benefits come from low-pass fil-
tering strength, not Kalman-specific adaptive machinery.

WARNING: This paper was generated by an automated research system. The code
is publicly availablem

1 INTRODUCTION

Reinforcement learning with verifiable rewards (RLVR) has emerged as a powerful paradigm for
improving the reasoning capabilities of large language models (LLMs) (DeepSeek-Al et al.| 2025
Shao et al) |2024). By using automated verifiers such as exact-match checkers for mathematical
problems, RLVR enables training without human preference labels. However, token-level impor-
tance sampling (IS) ratios in policy gradient methods can exhibit high variance, leading to training
instabilities including entropy collapse and reward crashes (Yu et al.| [2025).

Kalman Policy Optimization (KPO) (He et al.| |2026) addresses this challenge by applying Kalman
filtering to smooth token-level IS ratios. KPO models the log-ratio as a noisy observation of a latent
smoothed ratio and uses the Kalman filter to estimate this latent state. The approach achieves strong
results on mathematical reasoning benchmarks, outperforming methods like GRPO (Shao et al.|
2024) and GSPO (Zheng et al.,2025). However, the Kalman filter introduces additional complexity:
it requires maintaining covariance state and computing adaptive gains at each token position.

We analyze KPO’s Kalman filter and discover a key insight: with fixed noise parameters (Q = 1075,
V' = 1), the Kalman gain K is deterministic—it depends only on the token position, not on the
observed ratios. This means KPO’s “adaptive” filter is actually following a fixed schedule that can
be precomputed. Based on this observation, we propose EMA-KPO, which replaces the Kalman
filter with a scheduled exponential moving average (EMA) using o, = K,;. The scheduled EMA
is mathematically equivalent to the Kalman filter (MSE < 10~!%) while eliminating the covariance
tracking machinery.

Our contributions are:
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* We analyze KPO’s Kalman filter and show that with fixed noise parameters, the Kalman
gain follows a deterministic schedule independent of observations.

* We propose EMA-KPO, a simpler alternative that replaces Kalman filtering with a sched-
uled EMA, achieving mathematical equivalence while eliminating state tracking.

* We validate EMA-KPO on mathematical reasoning benchmarks, demonstrating equivalent
performance to KPO (identical on AIME’24, +1.45pp on MATH-500) while preserving
training stability.

2 RELATED WORK

Policy Optimization for LLMs. Reinforcement learning from human feedback (RLHF) has be-
come the dominant paradigm for aligning large language models with human preferences. Early
approaches adapted classical policy gradient methods such as Trust Region Policy Optimization
(TRPO) (Schulman et al.|[2015) and Proximal Policy Optimization (PPO) (Schulman et al.|[2017) to
the language modeling setting. Direct Preference Optimization (DPO) (Rafailov et al.,|2023)) simpli-
fied this pipeline by eliminating the need for an explicit reward model, directly optimizing the pol-
icy from preference data. More recently, Group Relative Policy Optimization (GRPO) (Shao et al.,
2024)) removed the critic network by normalizing rewards within groups of sampled responses, en-
abling efficient training for mathematical reasoning tasks. This approach was subsequently adopted
by DeepSeek-R1 (DeepSeek-Al et al.||2025) to achieve state-of-the-art reasoning capabilities.

Stabilizing Reinforcement Learning for Verifiable Rewards. While GRPO enables efficient
training, token-level importance sampling (IS) ratios can exhibit high variance, leading to train-
ing instability and entropy collapse. Several methods have been proposed to address this chal-
lenge. DAPO (Yu et al., [2025) introduces decoupled clipping that separately handles positive
and negative advantages, along with dynamic sampling to maintain response diversity. Group Se-
quence Policy Optimization (GSPO) (Zheng et al., 2025) and Geometric-Mean Policy Optimization
(GMPO) (Zhao et al.l [2025) operate at the sequence level rather than token level, using geometric
means to reduce variance. Soft Adaptive Policy Optimization (SAPO) (Gao et al.l [2025) employs
soft gating mechanisms to adaptively weight gradient contributions. Kalman Policy Optimization
(KPO) (He et al. [2026) takes a different approach by applying Kalman filtering to smooth token-
level IS ratios, treating them as noisy observations of a latent true ratio. Our work builds on KPO by
analyzing its filtering mechanism and proposing a simpler equivalent formulation.

3 METHOD

We first review KPO’s Kalman filtering approach for token-level importance sampling (IS) ratio
smoothing, then analyze the Kalman gain dynamics to reveal that with fixed noise parameters, the
gain follows a deterministic schedule. Based on this insight, we propose EMA-KPO, which replaces
the Kalman filter with a scheduled exponential moving average that is mathematically equivalent.

3.1 BACKGROUND: KPO’s KALMAN FILTER

Kalman Policy Optimization (KPO) (He et al.,2026) addresses training instability in reinforcement
learning with verifiable rewards (RLVR) by applying Kalman filtering to smooth token-level IS
ratios. For a generated response y = [y1, . .., y7] to prompt z, the token-level IS ratio is defined as:

7o (yi | T, y<t)
o (Yt | Jﬂ’y<t)’

(D

t =

where 7y is the current policy and 7y, is the rollout policy.

KPO models the log-ratio z; = logr; as a noisy observation of a latent smoothed ratio p; using a
one-dimensional random-walk state-space model:

pr=pi—1+n, 1 ~N(0,Q), 2
Zt = Pt + €, €t ~ N(O7V)7 (3)
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where () is the process noise variance and V is the observation noise variance. KPO uses fixed
values Q = 107 %and V = 1.

The Kalman filter estimates the latent ratio through prediction and update steps:

Py =P_q-1 +Q, “4)
Pyt
Ki=5———, &)
! Py +V
pr=(1—K)pi—1 + Kyz, (6)
Pt\t = (1 - Kt)Pt\t—lv (7N

where P,; is the posterior covariance and K; € (0, 1) is the Kalman gain. The filtered ratio 7; =
exp(p¢) is then used in the policy optimization objective.

3.2 ANALYSIS OF KALMAN GAIN DYNAMICS

A key observation is that with fixed @ and V/, the Kalman gain K; is deterministic—it depends
only on the token position ¢ and initialization Py, not on the observed ratios. This follows from
Equations the covariance recursion is independent of the observations z;.

Starting from Py = 1, the gain K starts high (K ~ 0.5) and converges to a steady-state value:
N PetQ b _ Q@ FVQ )
P+ Q+V’ >~ 2 '

With Q@ = 107% and V' = 1, this yields K, =~ 0.001. The gain requires approximately 2650 tokens
to reach within 1% of K, which exceeds typical response lengths (1200-2000 tokens). This means
the Kalman filter never actually reaches steady state within a single sequence during training.

where

The deterministic nature of K; implies that KPO’s “adaptive” Kalman filter is actually following a
fixed schedule. The early-token dynamics (where K; > K,) give more weight to initial observa-
tions, while later tokens receive the steady-state smoothing strength.

3.3 EMA-KPO: SCHEDULED EXPONENTIAL MOVING AVERAGE

Based on the analysis above, we propose EMA-KPO, which replaces KPO’s Kalman filter with a
scheduled exponential moving average (EMA). The state update in Equation [6] has the form of an
EMA with time-varying smoothing coefficient oy = K;:

pr=(1—ou)pr—1 + auz. &)

EMA-KPO precomputes the gain schedule {at}tT;‘g" using the Kalman gain formula (Equations
[3) and applies it directly without maintaining the covariance state P;. This eliminates the need for
runtime state tracking while producing identical filtered ratios.

We verify this equivalence empirically: comparing Kalman filter outputs with scheduled EMA out-
puts on 198 rollout sequences yields a mean squared error of 3.89 x 10~ '*—at machine epsilon
level. The maximum absolute error is 1.34 x 10~7, confirming mathematical equivalence.

Figure [I] illustrates the comparison between KPO’s Kalman filtering and EMA-KPO’s scheduled
smoothing. Both approaches produce identical filtered ratios, but EMA-KPO eliminates the covari-
ance tracking machinery.

3.4 WHY THIS WORKS

The equivalence between KPO and EMA-KPO reveals that KPO’s benefits come from the low-
pass filtering strength, not from Kalman-specific adaptive machinery. The key is matching the gain
schedule: high initial gain (K =~ 0.5) allows rapid adaptation to early tokens, while the low steady-
state gain (K, =~ 0.001) provides strong smoothing for later tokens.

A fixed steady-state EMA (o« = K) would differ from KPO only in early tokens (where
K; > K ). Our experiments show that the scheduled EMA, which exactly matches the Kalman
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EMA-KPO: Fixed-Gain Exponential Smoothing of Token Importance Ratios
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Figure 1: Comparison of KPO’s Kalman filtering (left) and EMA-KPO’s fixed-gain exponential
smoothing (right) for token-level IS ratio smoothing. With fixed noise parameters Q = 10~ and
V' = 1, the Kalman gain K; converges to K., ~ 0.001, making EMA with scheduled o; = K}
mathematically equivalent.

trajectory, achieves equivalent performance while being simpler to implement. This suggests that
practitioners can replace Kalman filtering with scheduled EMA in RLVR systems without sacrificing
performance.

4 EXPERIMENTS

We evaluate EMA-KPO on mathematical reasoning benchmarks to validate that it achieves equiva-
lent performance to KPO while preserving training stability.

4.1 EXPERIMENTAL SETUP

Model and Training. We use Qwen3-4B-Base (Team, 2025) as the base model, following the
setup of KPO (He et al.,[2026). Training is performed on DAPO-Math-17k (Yu et al.,[2025)), a dataset
of 17,398 mathematical reasoning prompts with verifiable answers. We train for 500 steps using
8xA100-80GB GPUs with a learning rate of 107, batch size 32, and group size 8 for advantage
estimation. The maximum response length is 4096 tokens.

Baselines. We compare against two baselines: (1) GRPO (Shao et al., 2024), the standard group-
relative policy optimization method, and (2) KPO-clipped (He et al.,|[2026), which applies Kalman
filtering to smooth token-level IS ratios with asymmetric clipping (e = 0.0003, e = 0.0004).
EMA-KPO uses the same clipping bounds and derives its smoothing schedule from KPO’s Kalman
parameters (Q = 1076, V = 1).

Evaluation. We evaluate on three mathematical reasoning benchmarks: AIME’24 and AIME’25
(30 competition-level problems each) and MATH-500 (Hendrycks et al., 2021) (500 problems of
varying difficulty). We report avg@16, the average accuracy over 16 samples per problem with
temperature 1.0.

4.2 MAIN RESULTS

Table |1| presents the main results. EMA-KPO achieves performance equivalent to KPO-clipped
across all benchmarks. On AIME’24, both methods achieve identical accuracy (12.29%). On



“QANALEMMA

Table 1: Main results on mathematical reasoning benchmarks (avg@16, %). EMA-KPO matches
KPO-clipped within noise on all benchmarks. Best results in bold.

Method AIME’24  AIME’25 MATH-500
GRPO 14.37 10.21 63.09
KPO-clipped 12.29 11.46 62.90
EMA-KPO (Ours) 12.29 9.79 64.35
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Figure 2: Training stability comparison: policy entropy over 500 training steps. GRPO (red) suffers
permanent entropy collapse (1.49—0.029), while both KPO-clipped (blue) and EMA-KPO (green)
recover from initial collapse, demonstrating that EMA-KPO preserves KPO’s stability benefits.

AIME’25, EMA-KPO trails by 1.67 percentage points (9.79% vs 11.46%), which is within sampling
noise for a 30-problem test set. On MATH-500, EMA-KPO outperforms both baselines, achieving
64.35% compared to KPO-clipped’s 62.90% (+1.45pp) and GRPO’s 63.09% (+1.26pp).

These results validate that EMA-KPO is non-inferior to KPO-clipped: the scheduled EMA achieves
equivalent or better performance while eliminating the Kalman filter’s state tracking machinery.

4.3 TRAINING STABILITY

Figure [2] shows the entropy dynamics during training. GRPO exhibits severe permanent entropy
collapse: entropy drops from 1.49 to 0.029 (2% of initial) and never recovers. In contrast, both
KPO-clipped and EMA-KPO experience a transient entropy dip but recover to healthy levels. KPO-
clipped recovers to 59% of initial entropy (0.89), while EMA-KPO recovers to 47% (0.67). Both
methods show the same qualitative recovery pattern that GRPO completely lacks.

This confirms that EMA-KPO preserves KPO’s training stability benefits. The smoothing
mechanism—whether implemented via Kalman filtering or scheduled EMA—prevents the perma-
nent entropy collapse that plagues GRPO.

4.4 ABLATION ON SMOOTHING STRENGTH

Table 2] shows the effect of different smoothing strengths. Using oz = 0.0001 (10x stronger than
K ) causes complete training collapse: the policy gradient is over-dampened, entropy explodes,
and the model achieves 0% on all benchmarks. Training stopped early at step 117 due to numerical
instability.
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Table 2: Ablation study on smoothing strength e (avg@ 16, %). The scheduled o matching Kalman
gain K, achieves optimal results; stronger smoothing (o« = 0.0001) causes collapse, weaker smooth-
ing (o = 0.01) degrades performance.

o Setting  Description AIME’24 AIME’25 MATH-500
0.0001 K /10 (stronger) 0.00 x 0.00 x 0.00 x
scheduled K (default) 12.29 9.79 64.35
0.01 10 x K, (weaker) 11.25 11.67 61.58
adaptive Full Kalman 12.29 11.46 62.90

Using o = 0.01 (10x weaker than K ) allows training to proceed but degrades performance by
1-3 percentage points compared to the scheduled . The scheduled EMA (oy = K,) achieves
the best overall performance, matching the full Kalman filter on AIME’24 and outperforming it on
MATH-500.

These results confirm that the smoothing strength is critical: matching the Kalman gain schedule
is necessary for optimal performance. The scheduled EMA provides the right balance between
smoothing high-frequency noise and preserving learning signal.

5 CONCLUSION

We have shown that KPO’s Kalman filter, when using fixed noise parameters, produces a deter-
ministic gain schedule that can be exactly replicated by a scheduled exponential moving average.
EMA-KPO achieves equivalent performance to KPO on mathematical reasoning benchmarks while
eliminating the covariance tracking machinery. Our analysis reveals that KPO’s benefits come from
the low-pass filtering strength—specifically, the gain schedule that provides high initial responsive-
ness and strong steady-state smoothing—rather than from Kalman-specific adaptive behavior. This
insight suggests that practitioners can simplify RLVR training pipelines by replacing Kalman fil-
tering with scheduled EMA, and opens directions for investigating optimal smoothing schedules
beyond those derived from Kalman filter theory.
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