“QANALEMMA

INNOVATION SATURATION DOES NOT ROBUSTIFY
KALMAN-FILTERED IMPORTANCE RATIOS IN LLM
REINFORCEMENT LEARNING

FARS
Analemma
fars@analemma.ai

ABSTRACT

Kalman Policy Optimization (KPO) applies causal Kalman filtering to smooth
importance sampling ratios in LLM reinforcement learning, but its performance
is sensitive to the process-to-measurement noise ratio Q/V: weak smoothing
(large QQ/V') degrades accuracy by 11.79 percentage points on MATH-500. We
investigate whether innovation saturation—a classical technique for robustifying
Kalman filters against outliers—can reduce this sensitivity. Our experiments re-
veal a negative result: Innovation-Saturated KPO (IS-KPO) recovers only 6.6% of
the performance gap, with the improvement not statistically significant (p ~ 0.16).
Diagnostic analysis shows the saturation mechanism almost never activates (clip
fraction < 107°) because KPO’s measurement noise V = 1.0 creates a clip-
ping threshold far larger than actual innovations. Attempts to lower the thresh-
old increase the Kalman gain, undermining smoothing. This fundamental design
tension—activating clipping requires low V, but low V' destroys smoothing—
cannot be resolved through parameter tuning, ruling out innovation saturation as
a robustification strategy for Kalman-based policy optimization.

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

1 INTRODUCTION

Reinforcement learning (RL) has emerged as a powerful paradigm for aligning large language mod-
els (LLMs) with human preferences and improving their reasoning capabilities (DeepSeek-Al et al.,
2025} [Shao et al., [2024). However, training instability remains a persistent challenge: importance
sampling ratios can exhibit high variance, leading to gradient explosions and policy collapse (Yu
et al.l 2025). This instability is particularly acute in mathematical reasoning tasks, where sparse
binary rewards amplify the variance of policy gradient estimates.

Kalman Policy Optimization (KPO) (He et al.,|2026) addresses this challenge by treating token-wise
importance sampling ratios as a noisy time series and applying causal Kalman filtering to smooth
them. The approach achieves strong performance when the process-to-measurement noise ratio
Q/V is small (strong smoothing), but performance degrades significantly when @Q/V is large (weak
smoothing). This sensitivity limits KPO’s practical applicability, as the optimal ) /V ratio may vary
across tasks and training stages.

We investigate whether innovation saturation, a well-established technique for robustifying Kalman
filters against outliers (Fang et al.,|2018), can reduce KPO’s sensitivity to the @) /V ratio. Innova-
tion saturation clips the innovation (the difference between observed and predicted values) when it
exceeds a threshold, preventing extreme measurements from destabilizing the filter. This technique
has proven effective in robotics and signal processing applications where measurement outliers are
common.

Our experiments reveal a negative result: Innovation-Saturated KPO (IS-KPO) recovers only 6.6%
of the performance gap between weak and strong smoothing on MATH-500, with the improvement
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not statistically significant (p ~ 0.16). Diagnostic analysis shows that the innovation saturation
mechanism almost never activates (clip fraction < 107%) because KPO’s measurement noise pa-
rameter V' = 1.0 creates a clipping threshold (~3.06) far larger than actual innovation magnitudes
(~0.5). Attempts to lower the threshold by reducing V increase the Kalman gain, undermining the
smoothing that KPO relies on for stability. Our contributions are:

* We present the first empirical study of innovation saturation for LLM policy optimization,
testing whether this classical robust filtering technique can address KPO’s sensitivity to the
Q/V ratio.

* We identify a fundamental design tension: activating innovation clipping requires low mea-
surement noise V, but low V' increases the Kalman gain and undermines the smoothing that
KPO relies on for stability.

* We provide diagnostic analysis explaining why the mechanism fails, including innovation
statistics showing that heavy tails exist but do not exceed the clipping threshold under
KPO'’s operating regime.

2 RELATED WORK

LLM Reinforcement Learning. Policy gradient methods have become central to LLM post-
training, with PPO (Schulman et al.,|2017) and its variants widely adopted for reinforcement learn-
ing from human feedback (RLHF). GRPO (Shao et al) [2024) introduced group-relative policy op-
timization for mathematical reasoning, while subsequent work has addressed stability challenges
through various mechanisms: GSPO (Zheng et al., [2025) uses sequence-level importance ratios,
GMPO (Zhao et al., 2025)) employs geometric-mean aggregation, and DAPO (Yu et al., 2025)) in-
troduces decoupled clipping and dynamic sampling. These methods share a common concern with
importance ratio instability, particularly in off-policy settings with minibatch reuse or train-inference
mismatch.

Kalman Filtering for RL. KPO (He et al., 2026) applies causal Kalman filtering to smooth token-
wise log importance ratios, treating them as a noisy time series. This approach improves stability
over GRPO-style methods but exhibits sensitivity to the process-to-measurement noise ratio Q/V'.
KRPO (Wang et al.L[2025) applies similar filtering to reward baselines rather than importance ratios,
targeting a different source of variance.

Robust Kalman Filtering. Innovation saturation (Fang et al., 2018) is a classical technique for
robustifying Kalman filters against measurement outliers by clipping the innovation to a scale-aware
threshold. Recent work has extended this to iterative saturation schemes (Yang & Boyd, [2025)).
Our work tests whether this robustification transfers to LLM policy optimization, finding that the
structural requirements for activation conflict with the smoothing requirements of KPO.

3 BACKGROUND AND METHOD

3.1 KPO: KALMAN FILTERING FOR IMPORTANCE RATIOS

Kalman Policy Optimization (KPO) (He et al.l 2026) addresses instability in LLM reinforcement
learning by treating token-wise importance sampling (IS) ratios as a noisy time series and applying
causal Kalman filtering to smooth them. For a prompt x and response tokens y;.7, the token-wise
IS ratio is ¢y = 7oyt | T, Y<t)/Toy, (Yt | T, y<t), and KPO operates in log space with z; = log ;.

KPO models the latent smoothed log-ratio p; using a random-walk state-space model:
pr=pe—1 -+ 1~ N(0,Q), 2t =pi+ €, € ~N(0,V), (L

where () is the process noise variance and V' is the measurement noise variance. The standard
Kalman recursion computes the innovation 6; = z; — p;;—; (the difference between the observed
log-ratio and the predicted state), the Kalman gain K; = Py;_1/(P;;—1 + V), and updates the
posterior estimate:

Pt = Peje—1 + Kidy, Py = (1= K¢)Pyjy—1- (2
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The filtered ratio 7y = exp(py;) is then used in a GRPO-style clipped objective.

The ratio Q/V controls smoothing strength: small Q/V yields strong smoothing (low Kalman gain,
slow adaptation), while large (Q/V yields weak smoothing (high Kalman gain, rapid response to
observations). KPO’s parameter analysis shows that performance degrades significantly when Q/V
is large, motivating our investigation into robustifying the filter against this sensitivity.

3.2 INNOVATION SATURATION FOR ROBUST FILTERING

The classical Kalman filter assumes Gaussian measurement noise, but its performance degrades
when observations contain outliers or heavy-tailed noise. In such cases, large innovations J; can
cause the state estimate to chase spurious measurements, destabilizing the filter. A well-established
remedy from robust estimation is innovation saturation (Fang et al.,|2018)), which clips the innova-
tion to prevent extreme values from dominating the update.

The innovation saturation mechanism replaces the raw innovation &, with a saturated version:
by = sat(dy, ko) = clip(dy, —koy, +K0y), (3)

where 0y = /P;—1 + V is the predicted standard deviation of the innovation under the Gaussian
model, and x > 0 is a threshold parameter (typically x = 3 for a 3o rule). This scale-aware clipping
ensures that innovations within the expected range pass through unchanged, while extreme outliers
are truncated to limit their influence on the state estimate.

The theoretical motivation is that under Gaussian assumptions, |d;| > 30y occurs with probability
less than 0.3%. When such large innovations occur frequently, it suggests either model misspecifi-
cation or outlier contamination. By saturating these innovations, the filter becomes more robust to
heavy-tailed measurement noise while preserving responsiveness to typical observations (Yang &
Boyd, 2025)).

3.3 INNOVATION-SATURATED KPO (IS-KPO)

We propose Innovation-Saturated KPO (IS-KPO), which integrates the innovation saturation mecha-
nism into KPO’s Kalman filter update. The modification is minimal: we replace the standard update
in Equation 2] with:

Pt = Ptjt—1 + Kby, Py = (1 — K¢) Py, 4)

where 0, is the saturated innovation from Equation |3} All other components of KPO remain un-
changed, including the GRPO-style clipped objective and ratio bounds.

Figure |1 illustrates the IS-KPO architecture. The key modification (highlighted) is the saturation
block that clips normalized innovations exceeding ~ standard deviations before they influence the
state estimate. We use fixed parameters ) = 0.01, V' = 1.0 (weak smoothing with Q/V = 1072),
and xk = 3 (standard 3o threshold) without per-task tuning.

Our hypothesis is that KPO’s sensitivity to the ) /V ratio may stem from rare, extreme innovations
that become influential when @ is large (weak smoothing). If this is true, innovation saturation
should reduce training instabilities and recover performance under weak smoothing settings where
standard KPO degrades.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

We evaluate IS-KPO on mathematical reasoning tasks using reinforcement learning with verifiable
rewards (RLVR). Our experiments use Qwen3-4B-Base (Yang et al.||2025)) as the base model, trained
on DAPO-Math-17k (Yu et al., |2025)), a dataset of mathematical problems with programmatically
verifiable answers. Training runs for 16 steps with 8 samples per prompt, using a binary exact-
match reward (1 for correct, 0 for incorrect). We use KPO’s tight ratio clip bounds (e = 0.0003,
€+ = 0.0004) and an actor learning rate of 1075.
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Figure 1: Overview of Innovation-Saturated KPO (IS-KPO). The method extends KPO’s Kalman
filter by adding an innovation saturation mechanism that clips normalized innovations exceeding x
standard deviations. The key modification (highlighted in orange) aims to robustify the filter against
heavy-tailed innovations that arise under weak smoothing.

Table 1: Main experimental results on mathematical reasoning benchmarks. IS-KPO-weak recovers
only 6.6% of the performance gap between KPO-weak and KPO-strong on MATH-500 avg@16.
Best results in bold. All methods use Qwen3-4B-Base with 16 training steps on DAPO-Math-17k.

Method MATH-500 AIME’24 AIME’25
avg@16 pass@16 avg@16 pass@16 avg@16 pass@16

KPO-strong (Q=10"%) 59.60 85.40 8.96 30.00 6.04 26.67

KPO-weak (Q=10"2) 47.81 85.40 8.75 36.67 4.79 26.67

IS-KPO-weak (Q=10"2, k=3)  48.59 84.20 6.25 30.00 3.54 23.33

We compare three conditions: (A) KPO-strong with Q = 107, V' = 1.0 (strong smoothing, the
default KPO setting); (B) KPO-weak with Q = 1072, V = 1.0 (weak smoothing, where KPO is
known to degrade); and (C) IS-KPO-weak with Q = 1072,V = 1.0, x = 3 (our proposed method).
Evaluation uses three benchmarks: MATH-500 (Hendrycks et al.,|[2021) (500 problems), AIME’24
(30 problems), and AIME’25 (30 problems), with avg@ 16 (mean accuracy over 16 samples) and
pass@16 (fraction with at least one correct sample) as metrics.

4.2 MAIN RESULTS

Table || presents our main results. KPO-strong achieves 59.60% avg@16 on MATH-500, while
KPO-weak degrades to 47.81%, confirming the 11.79 percentage point sensitivity to the Q/V ratio
reported in prior work. IS-KPO-weak achieves 48.59%, recovering only 0.78 percentage points of
this gap—a mere 6.6% recovery, far below our pre-registered 50% threshold. A two-proportion
z-test yields z ~ 1.4 (p = 0.16), indicating the improvement is not statistically significant. On
the harder AIME benchmarks, IS-KPO-weak actually underperforms KPO-weak, suggesting the
innovation saturation mechanism provides no meaningful benefit.

4.3 DIAGNOSTIC ANALYSIS: WHY INNOVATION SATURATION FAILS

Figure [2] reveals why IS-KPO fails to improve performance: the innovation saturation mechanism
almost never activates. With V' = 1.0, the innovation standard deviation is oy = /FPy;_1 +V =
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Figure 2: Innovation saturation mechanism analysis. (a) Innovation clip fraction is essentially zero
throughout training (max 7 x 10~ 7 at step 3). (b) Maximum innovation magnitude (~0.4) is approx-
imately 6x smaller than the clipping threshold (kv/V = 3.0), explaining why the mechanism never
activates.

Table 2: Innovation statistics at selected training steps. Despite heavy-tailed innovations (kurtosis
> 3), the innovation saturation mechanism (x = 3) almost never activates because max |J| remains

far below the clipping threshold (kv/V & 3.06).

Method Step Kurtosis Max |§| Clip Fraction
KPO-weak 1 18.27 0.397 -
KPO-weak 5 41.95 0.556 -

KPO-weak 10 43.54 0.456 -
KPO-weak 15 43.48 0.402 -

IS-KPO-weak 1 17.57 0.360 0.0
IS-KPO-weak 5 25.62 0.437 1.2 x 1077
IS-KPO-weak 10 27.61 0.379 0.0
IS-KPO-weak 14 29.01 0.355 0.0

1.02, yielding a clipping threshold of ko, ~ 3.06. However, the maximum observed innovation
magnitude throughout training is only ~0.5, approximately 6x smaller than the threshold. Con-
sequently, the innovation clip fraction remains below 1076 at all training steps, with most steps
showing exactly zero clipped innovations.

Table 2| confirms that innovations are indeed heavy-tailed: the kurtosis ranges from 17-59 for KPO-
weak and 17-32 for IS-KPO-weak, far exceeding the Gaussian value of 3. This validates the sta-
tistical premise motivating innovation saturation. However, despite these heavy tails, the maximum
innovation magnitude (~0.4—0.6) never approaches the clipping threshold (~3.06). The heavy tails
manifest as elevated kurtosis within a bounded range, not as extreme outliers that would trigger
saturation.

4.4  OPTIMIZATION ATTEMPTS: A FUNDAMENTAL DESIGN TENSION

We attempted two optimization strategies to activate the innovation saturation mechanism (Table[3).
Optimization 0 lowered x from 3.0 to 1.0 and increased @ to 0.05, but the clip fraction remained
negligible (~ 107%) and performance degraded to 43.94%. Optimization 1 lowered V from 1.0 to
0.1, which reduced the clipping threshold from ~3.06 to ~0.75. This increased the clip fraction to
~ 5 x 1075, but the Kalman gain jumped from ~2% to ~29%, making the filter too responsive and
degrading performance to 43.58%.

These results reveal a fundamental design tension: activating innovation clipping requires small o
(low V), but low V" increases the Kalman gain K; = Py;_1/(P;¢—1 + V'), which undermines the
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Table 3: Optimization attempts to activate innovation saturation. Both attempts produced worse
results than the original IS-KPO-weak, revealing a fundamental design tension: activating clipping
requires low V', but low V increases Kalman gain and undermines smoothing.

Configuration Q 1% /£  Kalman Gain Clip Fraction MATH-500 avg@16
IS-KPO-weak (original) 0.01 1.0 3.0 ~2% <107 48.59
KPO-weak 001 1.0 - ~2% - 47.81
Optimization 0 005 1.0 1.0 ~5% ~ 1076 43.94 (14.65)
Optimization 1 001 0.1 2.0 ~29% ~5x 1076 43.58 (5.01)

smoothing that KPO relies on for stability. This is not a tuning problem—it is a structural incom-
patibility between the requirements for innovation saturation and the requirements for effective ratio
smoothing.

5 CONCLUSION

We investigated whether innovation saturation, a well-established technique for robustifying Kalman
filters against outliers, could reduce KPO’s sensitivity to the ) /V ratio in LLM reinforcement learn-
ing. Our experiments demonstrate that this approach does not work: IS-KPO-weak recovers only
6.6% of the performance gap between KPO-weak and KPO-strong, with the improvement not sta-
tistically significant (p ~ 0.16).

The failure stems from a fundamental design tension. KPO’s measurement noise parameter V' = 1.0
creates a clipping threshold (~3.06) that far exceeds actual innovation magnitudes (~0.5), prevent-
ing the saturation mechanism from activating. Lowering V' to activate clipping increases the Kalman
gain, undermining the smoothing that KPO relies on for stability. This structural incompatibility
cannot be resolved through parameter tuning.

Our negative result provides value to the community by ruling out a natural hypothesis and identi-
fying a fundamental constraint on Kalman-based policy optimization. Future work might explore
alternative robustification strategies that do not depend on the measurement noise scale, or investi-
gate whether the ()/V sensitivity can be addressed through different filtering architectures entirely.
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