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Abstract

Policy optimization (PO) for Large Language
Models faces a stability—exploration trade-off,
currently mediated by an action-side Policy-KL
regularizer. This puts practitioners in a double
bind: keeping Policy-KL constrains response
behavior and consumes the action-side explo-
ration budget, while dropping it leaves the opti-
mization without an explicit drift control. We
argue for an alternative that breaks the dilemma
by moving regularization to the input side. As
training progresses, the distribution over train-
ing queries induced by the current policy drifts
unchecked from its pre-RL reference distribu-
tion.

Concretely, Environment-Regularized Policy
Optimization (ERPO) introduces a Query-
KL (QKL) term that bounds this query dis-
tribution shift, together with a dataset-static
reference-derived per-query weight that biases
each per-query update toward queries typical
under the reference. The QKL gradient flows
strictly through the query likelihood; the re-
sponse score function used by policy-gradient
estimators does not appear in the QKL term, so
QKL exerts no direct gradient pressure on the
response distribution—exploration is preserved.
ERPO plugs into GRPO/PPO/REINFORCE-
style pipelines without additional forward
passes. On six mathematical reasoning bench-
marks, ERPO replaces the standard Policy-KL
regularizer while achieving effective control
over query distribution drift, delivering stronger
accuracy and substantially more stable behav-
ior under high-temperature decoding and long-
horizon training.Our source code are available
at https://github.com/alibaba/ERPO.

1 Introduction

Policy optimization (PO) methods have become
the de facto recipe for post-training large language
models (LLMs), spanning trust-region style up-
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dates (TRPO/PPO) and preference-based objec-
tives (DPO) together with broader RLHF/RLAIF
variants (Schulman et al., 2015b, 2017; Ouyang
et al., 2022; Bai et al., 2022; Rafailov et al., 2023).
Despite impressive progress in mathematical rea-
soning and beyond, practitioners still face a persis-
tent dilemma: how to trade off training stability
against effective exploration. In long-horizon runs,
optimization noise and distribution shift tend to
accumulate, leading to oscillations and occasional
collapses.

We argue that a key and under-controlled source
of instability is environment non-stationarity in-
duced by the query distribution. Even with a
fixed training corpus, the model’s own sequence
likelihood over training queries co-evolves with
the policy: as € updates, the likelihood the model
assigns to each prompt drifts, altering the effec-
tive training environment and amplifying gradient
variance. This input-side non-stationarity mirrors
classic RL settings in which either the initial-state
distribution or the transition kernel drifts over time;
non-stationary and robust RL therefore advocate
explicit distributional control (Padakandla, 2021;
Iyengar, 2005; Nilim and El Ghaoui, 2005). A
related lesson from imitation learning is that pol-
icy updates induce covariate (state) shift, moti-
vating interactive data aggregation such as DAg-
ger/AggreVaTe (Ross et al., 2011; Ross and Bag-
nell, 2014).

Recent LLLM work formalizes prompt distribu-
tions (EVA, Align-Pro (Ye et al., 2024; Trivedi
et al., 2025)) or reweights training data (Sta-
blePrompt, WPO (Kwon et al., 2024; Zhou et al.,
2024)), while mainstream RLHF PO focuses on
action-side Policy-KL to an SFT reference (Schul-
man et al., 2015b, 2017; Ouyang et al., 2022); nei-
ther directly constrains the query distribution. Em-
pirically (Figure 1), under a fixed Policy-KL budget
the batch-estimated Query-KL rises steadily while
Policy-KL stays flat—the policy-induced query dis-
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Figure 1: KL losses during GRPO training. The Query-
KL (dark) rises while the Policy-KL (light) stays low,
showing action-only KL does not stabilize the query
process.

tribution py drifts unchecked from its pre-RL refer-
ence pg,.

We treat the model’s query likelihood as
the input-side statistic to regularize. We in-
troduce Query-KL regularization (QKL), a
penalty on the KL divergence between the cur-
rent policy-induced query distribution pg and a
pre-RL reference py,, limiting inter-round drift of
this likelihood while leaving the action space free
to explore. In parallel, we propose a lightweight
reference-derived per-query weight that biases
each per-query update toward queries typical
under pg,, reducing estimator variance and im-
proving robustness under high-temperature de-
coding—where LLMs are especially sensitive to
the long tail of decoding distributions (Holtzman
et al., 2020; Wang et al., 2023). Both compo-
nents are estimator-agnostic and compatible with
GRPO/PPO/REINFORCE-style implementations
with minimal changes. Figure 2 sketches ERPO:
on top of GRPO we replace the usual Policy-KL
with a Query-KL term, and during advantage com-
putation we reweight per-query contributions by a
reference-derived prior, yielding an environment-
aware update while preserving action-side explo-
ration.

We make four main contributions. (1) Query-
environment control: We treat the model’s query
likelihood as the regularizable input-side statis-
tic, combining Query-KL (QKL) to bound its drift
from a pre-RL reference pg, with a dataset-static
reference-derived per-query weight to reduce vari-
ance and tame high-temperature behavior. (2)
Estimator-agnostic instantiation: The method
adds a QKL term and a reference-derived per-
query weight on top of GRPO/PPO/REINFORCE-
style pipelines with minimal changes. (3) Stabil-
ity evaluation: We assess RL stability via multi-

temperature sampling paired with a multi-metric
suite (Pass@k, Pass@1, Avg@k), enabling com-
prehensive capability and robustness evaluation.
(4) Empirical gains: Across diverse reasoning
benchmarks, the approach consistently improves
accuracy.

2 Related Works

2.1 Reinforcement Learning with Verifiable
Rewards (RLVR)

Reinforcement Learning with Verifiable Rewards
represents a paradigm shift from traditional RLHF
approaches by leveraging automatically verifiable
outcomes rather than human preference annota-
tions. This approach is particularly powerful for
domains where ground truth can be objectively de-
termined, such as mathematical reasoning, code
generation, and logical problem solving. Models
like AlphaCode (Li et al., 2022) and recent math-
ematical reasoning (Jeannotte and Kieran, 2017;
Xia et al., 2025) systems leverage execution re-
sults and correctness verification as direct reward
signals, eliminating the need for expensive human
annotation.

Process Reward Models (PRMs) have emerged
as a sophisticated extension of RLVR, where in-
termediate steps in reasoning processes are evalu-
ated and rewarded based on their correctness (Ue-
sato et al., 2022; Lightman et al., 2023). Recent
developments include tool-augmented reasoning
systems (Schick et al., 2023) and self-verification
approaches (Kojima et al., 2022), which combine
language models with external verification tools to
enable automatic reward computation for broader
task domains.

While RLVR provides scalable and consistent
training signals compared to subjective human pref-
erences, it introduces unique challenges in handling
high variance from sparse rewards and potential
reward hacking behaviors. These stability issues
motivate the need for robust training methodolo-
gies that can effectively leverage verifiable rewards
while maintaining training stability.

2.2 Reinforcement Learning Stability in
Language Model Training

The stability of reinforcement learning algorithms
in language model training has become a critical
research area due to unique challenges posed by
discrete action spaces, large parameter spaces, and
complex reward landscapes (Sutton et al., 1998).
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Figure 2: The Proposed ERPO Overview. (a) For each query, the policy and reference induce current and reference
query samplers, and we pre-compute a Query-KL to penalize environment drift. (b) For each query, the policy
samples a response group scored by the reward model to produce the standard GRPO learning signal. (c) On top of
GRPO we replace response-KL with pre-computed Query-KL and weight within-query advantages by the query’s
occurrence probability, yielding an environment-aware update.

Recent works have identified specific stability is-
sues including reward hacking (Gao et al., 2023)
and the alignment tax problem (Dai et al., 2025),
where policy optimization can degrade downstream
performance while improving target metrics. Dis-
tribution shift during training has been recognized
as a fundamental source of instability in policy gra-
dient methods (Reddy et al., 2020). In language
model contexts, this manifests as shifts in the query
distribution during training, leading to high vari-
ance in gradient estimates and potential policy col-
lapse (Wen et al., 2024). Existing approaches pri-
marily focus on action-space regularization through
trust region methods (Schulman et al., 2015a) and
KL divergence penalties between current and refer-
ence policies.

Despite progress in understanding RL stability
issues, there remains a notable gap in explicitly
managing the input query distribution during train-
ing. Most current approaches focus on output reg-
ularization rather than addressing environmental
shifts at the input level, leaving query distribution
management as an underexplored avenue for im-
proving training stability.

3 Preliminaries

3.1 RLVR setting and notation

We consider a standard generative—verify (RLVR)
setting for training a large language model (LLM)
with parameters 6. Given a query ¢ € Q, the LLM
defines a response policy my(o | ¢) over o € O,
and a verifier returns a scalar reward ¢g(¢,0) € R.
The underlying RL objective is

JRL(0) = Egpyyain, onma () [9(050)], (1)

where pirain denotes the query distribution in the
training set.

In practice, group-based or advantage-based vari-
ants of Eq. (1) are widely used (e.g., GRPO (Shao
et al.,, 2024), RLOO (Ahmadian et al., 2024),
DAPO (Yu et al., 2025)); our method is compatible
with any such estimator. For concreteness in exper-
iments we adopt the group-relative formulation of
GRPO:

,0%)) — mea
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where g = {g(q, o™®) K| are the rewards of K
responses sampled from my(- | ¢) for the same

query.

3.2 Policy-induced query distribution and
environment drift

During LLM-RL training, the queries seen at each
step are jointly shaped by the training corpus, cur-
riculum design, difficulty filters, and active sam-
pling schedulers.

Rather than tying the analysis to such pipeline-
specific factors, we introduce a policy-only notion:
pe 1s the policy-induced query distribution, defined
by po(q) = Py(q) — the model’s autoregressive se-
quence likelihood of g treated as a self-terminating
token sequence (see Section 4 for the autoregres-
sive form). This model-induced distribution is dis-
tinct from the exogenous pypain, Which supplies
queries to training batches and remains fixed in our
experiments.

By construction, py depends only on #, and the
pre-RL reference py, inherits whatever data com-
position shaped g, (pretraining, SFT, or prior RL
stages). As 0 is updated, py drifts away from pg,;
without explicit constraint, this drift is unchecked.
We call this policy-induced environment drift, and



quantify it by the KL divergence

EnvShift(8) := KL(pg || ps,)

3
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Empirically (Figure 1), under a fixed action-level
KL budget the batch-estimated Query-KL keeps
rising throughout training while the response-level
Policy-KL stays nearly flat—constraining only
the action distribution does not stabilize the in-
put/query process. This motivates the two compo-
nents in Section 4: a query-level KL that bounds en-
vironment drift, and a per-query weighting scheme
that stabilizes the empirical objective under arbi-
trary pipeline biases.

4 Method

We treat the pre-RL model-induced query distri-
bution pg, as the reference environment. As 0
changes, py may drift while the exogenous pirain
remains fixed; our Environment-Regularized Pol-
icy Optimization (ERPO) bounds the former while
leaving response-side exploration unconstrained.

Working assumption (Al). We treat as a
premise—not a theorem—that maintaining align-
ment between the model-induced py and its pre-RL
reference pg, better preserves the generalization ca-
pabilities inherited from prior training stages than
allowing unconstrained drift. Al is examined em-
pirically in Section 5.

Query likelihood. Our method relies on the au-
toregressive sequence likelihood the model as-
signs to a query. For a query ¢ tokenized as
(z1,...,27), write Py(q) £ [, Po(zt | z<¢) for
this sequence likelihood and ¢4(q) = log Py(q) =
> ilog Py(x; | <) for its log form, with Py, (q)
and /y, (¢) defined analogously under the reference.

The reference (g, is computed once over the
training set and cached, while ¢y is read off the
per-step PG forward pass; the cached /g, table and
the per-step ¢y are the only inputs ERPO needs
beyond what the underlying PG estimator already
computes (see Appendix F for full computational
notes).

4.1 Population objective and empirical loss

Let go(q) = Eoumy(lg)l9(q;0)] be the per-
query expected reward, so that Jgrp(0) =
Eg~pirain [90(q)]. ERPO adds a query-level regular-
izer Rquery(#) penalizing the divergence between
the model-induced py and py,:

JERPO(H) = JRL(H) - aunery(9)7 “4)

where a@ > 0 controls regularization strength.
On a mini-batch B = {¢;}",, we additionally
reweight per-query contributions by a dataset-static,
reference-derived weight wp(q) (Section 4.2); to-
gether with a batch-level KL estimate ﬁquery(ﬁ),
this gives the empirical loss

e )

q€B )
+ & Rauery (0).

LERPO

wp enters only at the estimator level; it shapes the
SGD update direction toward queries typical under
Po, but does not enter the target Jerpo.

4.2 Query-level KL and query reweighting

Query-level KL. We instantiate the regularizer
as the KL from the current query distribution to the
reference:

Rauery(8) := KL (pg || pa,)

= Eqp, [10g po(q) — log pg,(q)].

(6)

QKL decouples regularization from exploration:
the penalty acts solely on the query distribution
through ¢y(q), while imposing no direct constraint
on mp(o | ¢). Conventional Policy-KL, in con-
trast, restricts response behavior and consumes the
action-side exploration budget.

Proposition 1 (Structural Decoupling). For au-
toregressive my, the gradient of Rquery(0) admits
the closed form

vQ/R/query (9) qNPG[(EG( ) - g@o (Q))

(N
Volola)].
which flows strictly through V ¢ly(q); the response
score function Vglogmg(o | q) used by PG esti-
mators does not appear in the QKL loss, so the
regularizer exerts no direct gradient pressure on
the response distribution. Proof in Appendix H.

In our fixed-dataset implementation, we eval-
uate a K3-style mini-batch surrogate using the
per-step fg(q) and cached fg,(q). It regularizes
model-induced query-likelihood drift without treat-
ing model likelihood as external query frequency.
The resulting ﬁquery(ﬁ) is used in Eq. (5).



Query reweighting. Instead of optimizing the
standard RL objective in Eq. (1) under the em-
pirical query distribution py;4in, ERPO targets the
reference-aligned query prior pg,:

Jerpo(0) = IEq~p90,o~7r9(~|q) [g(Q7 0)} ®)

Because stochastic training samples queries from
Ptrain, this objective can be written as an
importance-weighted objective with ideal weight

iy — _P9(2)

v <Q) ptrain(Q) ' (9)
Under approximately uniform sampling from a
dataset of size N, w*(q) = Npg,(q), so the query
weight only needs to preserve the relative order-
ing of the cached reference-induced query prior.
We therefore use a bounded, dataset-static weight
w(q) o Lg,(q), leading to

Lgrro(0) = —E a~puain [w(q)g(q,0)]

o~y (g

+ R query (6). (10)

The derivation is given in Appendix I.

PG-compatible surrogate. ERPO is agnostic to
the inner PG estimator: any surrogate of the form
Vigo(q) = Eolug(q,0)Az(q,0)Velogmo(o | q)]
recovers GRPO (uy = 1, A* from Eq. (2)), PPO
(clipped ratios), or REINFORCE (sample reward)
by appropriate choice of ug, Aj. Plugging into
Eq. (5) gives the ERPO mini-batch PG loss

Lpa(0) :=— % > wi((q)

qeB

0€G(q)
+ « ﬁquery (0)7
(11)

where G(q) is the K-response group sam-
pled for gq. Per-algorithm specializations

(GRPO/PPO/REINFORCE) and the resulting loss
decompositions are summarized in Appendix G.

5 Experiments

5.1 Experimental Setup

Training We conduct experiments on mathemati-
cal reasoning tasks using Level 3-5 problems from
the MATH dataset (Hendrycks et al., 2021), total-
ing approximately 8.5K examples. These are used
to evaluate our proposed ERPO method, in compar-
ison with the vanilla GRPO baseline. As described
in Appendix A, the model must wrap its intermedi-
ate reasoning in <think></think> tags, and place
the final answer inside \boxed {}.

Z Ug (Q7 0) A;(% 0)

Evaluation We follow standard practice and as-
sess performance on six widely used benchmarks:
AIME24, AIME25, AMC, MATHS500 (Hendrycks
et al., 2021), Minerva (Lewkowycz et al., 2022),
and OlympiadBench (He et al., 2024). Prior
work typically reports Avg@K (Yu et al., 2025),
Pass@1 (Liu et al., 2025), and Pass@K (Hao et al.,
2025) after RLVR training, often without speci-
fying or controlling the inference-time sampling
temperature. This omission can substantially af-
fect reported performance and render results across
studies not directly comparable. In preliminary
experiments, we found that inference-time sam-
pling temperature has a significant impact on per-
formance, and that the effect intensifies as training
progresses. To control for this factor, we fix the
number of training steps across all models and eval-
uate at temperatures from 0.1 to 1.5; performance
is then aggregated over this range.

Implementation Details We conduct all ex-
periments using the EasyR1 framework (Zheng
et al., 2025), training the Qwen2.5-Math-7B and
Qwen2.5-32B model (Yang et al., 2024; Qwen
etal., 2025) with both GRPO and ERPO algorithms.
Following prior work (Liu et al., 2025), we set the
maximum sequence length to 3K tokens. For each
problem, we sample eight responses at an inference
temperature of 1.0. The rollout batch size is set to
512, and the update batch size to 128, for a total
of 240 training steps. Token-level loss is applied
throughout training. To ensure a fair comparison,
we adopt the default KL divergence coefficient of
0.01.

5.2 Main Results

Figure 3 summarizes Avg@32 accuracy on Six
mathematical reasoning benchmarks, averaged
over sampling temperatures from 0.1 to 1.5. ERPO
consistently outperforms GRPO, with gains of up
to 14.9% and an overall average improvement of
6.2%, highlighting its enhanced capability. Ta-
ble 1 presents the detailed results for each bench-
mark, grouped by evaluation metric (e.g., Pass@1,
Pass @K).

For both GRPO and ERPO, the prompts are
identical to those used during training, whereas
the Qwen base model adopts the default configu-
ration from Dr.GRPO (Liu et al., 2025) to ensure
optimal performance. Consistent with the aggre-
gated results in Figure 3 and Table 1, ERPO sur-
passes GRPO across all evaluation metrics, achiev-
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Figure 3: Avg@32 over Sampling Temperatures on Mathematical Reasoning Tasks

Table 1: Performance comparison across mathematical reasoning benchmarks. Best results per column are

highlighted in bold.
Mean Avg @32
Method | AIME24 AIME25 AMC MATH500 Minerva Olympiad Avg.
Base 0.087 0.030 0.246 0.340 0.058 0.099  0.143
GRPO 0.174 0.072  0.398 0.528 0.207 0266  0.274
ERPO 0.218 0.110 0.478 0.677 0.214 0.316  0.336
Mean Pass@32
Base 0.373 0.206 0.674 0.764 0.349 0411 0.463
GRPO 0471 0.287  0.768 0.850 0.516 0.558  0.575
ERPO 0.509 0.342 0.820 0.904 0.500 0.593  0.611
Mean Pass@1
Base 0.090 0.038  0.264 0.342 0.062 0.099  0.149
GRPO 0.169 0.084  0.398 0.533 0.201 0.263  0.275
ERPO 0.207 0.091 0477 0.679 0.217 0.320 0.332

ing improvements of 6.2% in Avg@32, 3.64% in
Pass@32, and 5.69% in Pass@1. We also applied
the concept of ERPO to other RLVR algorithms
and observed similarly effective gains; details are
provided in Appendix E.

5.3 Training Dynamics

Figure 4 illustrates the training dynamics of the
ERPO method. For both approaches, the sampling
accuracy on the training set remains largely consis-
tent; however, their divergence from the reference
model exhibits markedly different trajectories.

In GRPO, constraints are imposed on the action
distribution, causing the query distribution to drift
away from the reference model at a substantially
faster rate. Consequently, the KL divergence at the
query level is an order of magnitude greater than at
the policy level.

This imbalance leads to pronounced discrepan-
cies in performance between the training and eval-

uation datasets. In contrast, ERPO applies con-
straints directly to the query distribution and adjusts
the loss according to the probability of the given
problem. This design both limits the degree of di-
vergence from the reference model during training
and, by leveraging the independence between the
problem and the response, allows unconstrained ex-
ploration at the policy level. A quantitative analysis
can be found in Appendix C. As a result, ERPO
achieves superior generalization performance on
general problems.

To assess the stability of long-term RL training,
we scale the training steps up to 1K and moni-
tor changes in model performance over time. As
shown in the figure 5 and 6, GRPO remains stable
for sampling temperatures below 1.0 until approx-
imately 240 steps (epoch=15). However, a pro-
nounced performance degradation is first observed
in the high-temperature sampling regime after 400
steps, and subsequently propagates to encompass
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Figure 6: Performance Variation Across Training Steps

sampling across all temperatures as the steps in-
crease.

In contrast, ERPO exhibits a modest perfor-
mance decline; however, the overall deterioration is
substantially smaller, and its performance even im-
proves within the high-temperature range. Figure 6
presents the complete training trajectories for both
GRPO and ERPO. Although ERPO is not entirely
immune to the collapse phenomenon that may oc-
cur during extended training—manifested as a sud-
den increase in entropy and a loss of sampling capa-
bility—it consistently outperforms vanilla GRPO
and achieves a comparable degree of policy dis-
tribution constraint without relying on an explicit
policy-based KL divergence term.

5.4 Analysis

Ablation Study We conduct ablation studies on
the MATHS500 benchmarks to assess reasoning
efficiency. Table 2 summarizes the results for
several commonly used sampling temperatures.
Figure 7 further provides the complete perfor-
mance—temperature variation curves across differ-
ent experimental settings, along with the corre-

sponding training dynamics.

Mechanisms Without modifying other hyperpa-
rameters, replacing the policy-based KL divergence
with query-based KL divergence yields the best
overall performance!, with an average improve-
ment of 15.9% over GRPO. In contrast, GRPO
with policy-based KL divergence shows its high-
est performance only at a temperature of 1.0 (see
Figure 7(a)).

To further investigate, an ablation study is con-
ducted on the two mechanisms of ERPO with their
effects evaluated using KL divergence and entropy
(Table 3 and Figure 7(d)). The term w B(s) down-
weights gradients from low-probability queries,
which often lead to low-probability responses,
thereby increasing gradient variance and entropy
(Quantitative analysis is provided in Appendix D).
Introducing wp(s) allows sufficient training while
concurrently reducing the policy KL divergence.

Different regularization strengths « also exert
a significant influence on performance. As the
constraint strength increases (e.g., « = 5 x 1072),
the model achieves further improvements in overall
performance (see Table 2). It is worth noting that
we did not conduct an exhaustive search for the
optimal «; instead, we retained the default value to
ensure a relatively fair comparison.

'We also experimented with completely removing all KL
divergence constraints, which resulted in the training process
failing to converge. Therefore, we only report GRPO results
under the default-weight KL divergence constraint.



Table 2: Performance Comparison Under Different Experimental Settings

Base Model Method o w(s) RCOOI:](Lutt Temperature Metrics
0.1 0.6 1 1.5 <1.0 1.2-15
Baseline — — — — 5240 46.80 32.80 0.40 4444 6.15
GRPO 1x1072 — 8 66.80 68.40 73.80 0.40 68.80 12.50
GRPO* 1x1072 8 78.20 76.80 71.20 7.60 76.14 23.79

-2

Qwen-7B ERPO 1 x10 — 8 81.60 81.60 79.00 2.60 80.90 38.00
1x1072 8 79.40 80.60 75.20 8.60 78.74 37.90
ERPO 5x1073 8 53.80 60.60 66.20 1540 59.94 39.30
5x 1072 v 8 78.80 81.00 76.00 15.00 79.00 43.35
Qwen-7B GRPO 1x1072 — 16  73.00 79.20 75.00 10.60 75.22 39.75
undern =16 ERPO 1x107%2 16  80.40 78.80 74.40 56.20 77.82 66.25
Qwen-32B GRPO 1x1072 — 8 81.60 82.40 81.20 25.20 81.62 57.20
ERPO 1x107%2 8 85.00 84.80 83.60 80.80 84.60 82.80

Note: Within the Qwen-7B (n = 8) setting, the best result in each column is highlighted in bold, while the second-
best result is underlined. No highlighting is applied to the Qwen-7B (n = 16) or Qwen-32B results. The first three
Qwen-7B rows constitute the ablation study, comparing GRPO, GRPO™, and ERPO without query reweighting. The
following three rows constitute the hyperparameter study, evaluating ERPO with query reweighting under different
values of . The columns < 1.0 and 1.2-1.5 report the mean accuracy (Acc) over the corresponding temperature
ranges. The w(s) column indicates whether query reweighting is applied (v') or not (—). GRPO* denotes GRPO

using only query reweighting.
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Figure 7: Pass@1 accuracy and training dynamics under different settings: (a)—(c) Model performance at various
temperatures on MATHS500; (d) Policy-KL divergence variation with GRPO using only Query-KL.

Table 3: Influence of Query-KL and Query-Reweighting
on Training Stability

Method Query-KL.  Policy-KL.  Entropy
GRPO (Avg@3) 0.9679 0.0601 0.5063
GRPO w/wp(s) 0.5933 0.0113 0.2782

GRPO w/Query-KL 0.0041 0.1001 0.5674
ERPO (Avg@3) 0.0828 0.0728 0.4244

Rollouts We also analyze the effect of the num-
ber of samples per query. By increasing the sam-
pling number to 16, we achieve the best perfor-
mance, with the average Pass @1 rising to 74.6%.
A higher sampling count also significantly im-
proves sampling stability at high temperatures (see
Table 2), without a noticeable increase in diver-
gence from the reference model. Moreover, increas-
ing the sampling count facilitates ERPO-based
models in acquiring the correct reasoning format

more effectively. >

6 Conclusion

By analyzing the coupling between the environ-
ment and the policy space in large language mod-
els, we decouple parameter regularization from
the optimization objective during training. Specif-
ically, we employ query-level KL divergence to
bound the drift of the policy-induced query dis-
tribution py from a pre-RL reference pg,. We
further reweight the advantage by a dataset-static
reference-derived per-query weight, biasing up-
dates toward queries typical under pg, and pre-
venting premature convergence to suboptimal so-
lutions. Experiments across multiple mathemat-
ical reasoning benchmarks demonstrate that the
proposed ERPO method can achieve comparable

% Across multiple experiments, the GRPO method consis-
tently failed to capture the desired output format. Conse-
quently, for all experiments, we report only the answer accu-
racy.



KL divergence control without explicit policy regu-
larization, while delivering superior performance.
Furthermore, by sampling at different temperatures,
we examine the evolution of sampling capability
over long-term RL training, providing additional
evidence of ERPO’s stability during training.

Limitations

Our experiments focus primarily on mathematical
reasoning benchmarks and Qwen-family models,
so the extent to which ERPO transfers to broader
instruction-following, dialogue, code-generation,
and multilingual settings remains to be validated.
ERPO also relies on estimating query-level likeli-
hoods or prevalence statistics during training; the
quality and computational cost of these estimates
may vary with the data-selection mechanism and
model scale. Finally, we did not conduct an ex-
haustive sweep over the regularization coefficient,
leaving more systematic hyperparameter analysis
for future work.
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A Prompt

{{ content | trim 3}} You FIRST think
about the reasoning process as an internal
monologue and then provide the final
answer. The reasoning process MUST BE
enclosed within <think> </think> tags.
The final answer MUST BE put in \boxed
{1

B Variation of Metrics with Temperature

Figure 8 illustrates the model performance across
different evaluation metrics and sampling tempera-
tures. Our approach reduces the performance gap
between different sampling temperatures, while in-
creasing the likelihood of sampling correct outputs.

C Analysis of Reward Hacking

In the course of our experiments, we observed a
severe reward hacking phenomenon when train-
ing with the baseline GRPO method. Specifically,
while the model consistently achieved high rewards
on the training data, its performance on the evalu-
ation set often plateaued or even degraded during
the later stages of optimization. This pronounced
discrepancy suggests that the model overfits to the
specific characteristics of the reward signal during
training sampling, failing to generalize to the stan-
dard decoding distribution used during inference.

To quantitatively investigate this issue, we moni-
tored the Train—Evaluation Consistency throughout
the training process. We periodically evaluated
both the training accuracy and the evaluation ac-
curacy every ten optimization steps. To ensure the
robustness of our inference metrics, evaluation was
conducted using vLLLM under two different Tensor
Parallelism settings (TP1 and TP2), a factor which
has been shown in previous work (Yao et al., 2025)
to impact model performance.

Table 4 summarizes the average performance
gap across six key checkpoints (Steps 40, 80, 120,
160, 200, and 240). The results confirm our hypoth-
esis:

* GRPO exhibits a substantial average gap of
6.47%, indicating a significant misalignment
between training and inference behaviors. No-
tably, as shown in the detailed trajectories in
Table 5, GRPO’s evaluation accuracy drops
sharply at Step-240 (from ~ 75% to 58.4%)
despite maintaining high training accuracy, a
classic signature of reward hacking.

* ERPO, in contrast, demonstrates superior con-
sistency. It reduces the average Train—Eval
gap by approximately 51% (from 6.47% to
3.14%).

This significant reduction in the performance
gap indicates that ERPO effectively regularizes the
training process, preventing the model from ex-
ploiting spurious patterns in the reward function
and ensuring that improvements in training trans-
late reliably to inference performance.

D Correlation analysis between query
and response probabilities

We sampled over 8K questions from the training
dataset at a temperature of 1.0 and independently
computed the negative log-likelihood (NLL) for
both the prompt and response parts:

NLL(z) = — Zlogp(m)

where z denotes the generation probabilities of
tokens in the prompt or response. The resulting
histogram is shown in Figure 9. We observe a
positive correlation between the NLL of the prompt
and that of the response. For 95% of the training
samples (where the NLL of the prompt is less than
300), the correlation coefficient is close to 1. Low-
probability responses appearing in positive samples
contribute to an increase in entropy during training.

E ERPO On Different Algorithms

Additional experiments were conducted on
DAPO(Yu et al., 2025) and RLOO(Ahmadian
et al., 2024) with and without the global KL diver-
gence constraint, yielding absolute improvements
of 10.24% and 2.28% at temperatures below 1.0,
respectively (see Table 6). These findings demon-
strate that the proposed method can achieve signifi-
cant gains when applied to other RLVR algorithms.

F Query Likelihood and the Cached
Reference

This appendix expands the query likelihood ma-
chinery and computational notes referenced from
Section 4.

Autoregressive sequence likelihood. For a
query ¢ with tokenization x = (x1,...,27), the
model’s sequence log-likelihood under parameters
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Table 4: Quantification of Reward Hacking via Train—-Inference Gap. The table compares the average accuracy
during training sampling versus inference decoding. A larger gap indicates severe reward hacking (overfitting to
training dynamics). ERPO reduces this gap by ~ 51%, demonstrating robust generalization.

Method Avg. Train Acc Avg. Eval@TP1 Avg. Eval@TP2 Gap@TP1 Gap@TP2 Avg. Gap
GRPO 71.3 69.8 70.1 7.5 5.5 6.47
ERPO 77.1 74.1 73.8 3.0 33 3.14
Improvement - - - 14.560%) | 2.240%) | 3.33(51%)
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0 is

T
lo(q) £ log Py(x) = D log Pp(x | x<t).

t=1

(12)
This is well-defined for any token sequence, re-
gardless of whether ¢ is sampled on-policy from
pe, drawn from a fixed dataset, or written by a hu-
man; computing ¢y(q) requires a single forward
pass of the LLM. The reference ¢y, (q) is defined
analogously under 7y, .

Computational notes governing ERPO’s zero-
overhead design. Two distinctions in how ¢y and
{p, are obtained make ERPO essentially free rela-
tive to the underlying PG estimator:

* lg,(q) is computed once over the entire train-

ing set using the reference model g, prior to
RL, and cached. The per-query table is reused
throughout training and does not change. Un-
der backpropagation it is treated as a constant.

* (y(q) is computed per training step using the
current #. This forward pass is already per-
formed by the underlying PG estimator (for
per-query advantage evaluation), so QKL and
QW reuse it at no additional forward cost.

The cached ¢g, table and the per-step ¢y are the only
inputs ERPO needs beyond what the underlying PG
estimator already computes. In particular, the query
weight wg(q) from Eq. (9) is fully precomputed
and contributes no gradient or extra forward pass;
only the QKL estimator ﬁquery(ﬁ) uses the per-
step £g(q), and even there the value is read from



Table 5: Trajectory of Train vs. Inference Accuracy. Detailed performance recorded at 40-step intervals. Note the
divergence in GRPO at Step-240, where Eval accuracy drops significantly while Train accuracy remains high—a
clear sign of reward hacking. ERPO maintains consistency throughout.

Model / Metric Step-0 Step-40 Step-80 Step-120 Step-160 Step-200 Step-240 Avg.

GRPO (Baseline)
Train Acc 44.48 76.41 76.09 78.29 78.95 79.44 76.70 7291
Eval@TP1 31.20 73.20 76.00 73.40 72.20 73.60 58.40 65.43
Eval@TP2 30.60 74.00 74.80 74.20 76.60 75.80 66.20 67.46

ERPO (Ours)
Train Acc 44.55 75.63 76.53 78.66 80.63 78.41 81.46 73.70
Eval@TP1 31.20 74.00 77.20 77.00 78.40 78.60 78.40 70.69
Eval@TP2 30.60 72.60 77.00 76.60 77.40 78.60 80.20 70.43

Table 6: Performance Comparison Under Different Experimental Settings

Base Model Method D_KL Rollout Temperature
01 06 1 15 <10 1.2-15
Baseline - _ — 504 468 328 04 44.44 6.15
. 8 668 684 738 04 68.8 125
GRPO Policy 16 730 792 750 106 7522 39.75
8 794 806 752 8.6 7874(+9.94) 379
ERPO Query 16 804 788 744 562 77.82(+2.6) 6625

Qwen-7B

DAPO - g 620 774 654 56 68.16 14.0
DAPO+ERPO  Query 802 794 758 202 784 (+1024) 36.93
RLOO Policy o 776 784 754 124 718 35.93
RLOO+ERPO  Query 812 804 794 17.6 79.56(+228) 408
wens2s  GRPO Policy o  8L6 824 812 252  8LG 572
ERPO Query 850 84.8 83.6 80.8 84.6(+298) 82.8

Note: The columns <1.0 and 1.2-1.5 show the mean accuracy (Acc) over the corresponding temperature
ranges. Values in parentheses indicate improvements over baseline methods. Best results per column are
highlighted in bold, second-best results are underlined.

the existing PG forward pass. GRPO. Setug = 1and Aj = Ag;RPO from
Eq. (2). Substituting yields

Lrrpo-arro(0) = — - > wi((q) >

m qeEB 0€G(q)
G PG-Compatible Surrogate: AGTPO(g,0) logmg(o | q)
Per-Algorithm Specializations +a ﬁquery(g)_

(13)

All GRPO engineering details (reward normaliza-
tion, group size K, sampling temperature, etc.)

The ERPO mini-batch loss Lpg(#) in Eq. (11) remain unchanged

is instantiated by a particular choice of action-
level weight ug (g, 0) and advantage A5(q,0), sum- PPO. We set

marized below. The two ERPO modifications— 00| q)

adding the query-level KL term and reweighting ug(q,0) = clip <, -6 1+ e)
the outer per-query sum by w g (q)—are orthogonal 04 (0 | 9)

to the choice of (ug, A}) and act only on the outer ~ and A} to the (GAE-based or standard) PPO ad-
query loop. vantage. The inner sum recovers the PPO clipped



surrogate, with the outer wp(q) and the added
a Rquery providing the ERPO wrapping.

REINFORCE. Set uy = 1 and Aj(q,0) =
9(q,0) — bg(q) for an arbitrary baseline by(q); the
inner sum recovers the sample-wise REINFORCE
estimator.

Drop-in modification recipe. Given an existing
PG-style training pipeline using any of the above
estimators, applying ERPO requires three steps: (i)
precompute g, once over the dataset (Appendix F);
(ii) replace the per-query outer weight 1/m with
wg(q)/m from Eq. (9); (iii) add o Rquery (6) (K3-
estimated from the per-step g and the cached /)
to the loss. No additional forward passes, no archi-
tectural changes, and no modification to the inner
PG estimator’s clip/baseline logic are required.

H Proof of Proposition 1: Structural
Decoupling of Regularization and
Exploration

This appendix provides the formal proof of Propo-
sition 1 stated in Section 4.2.

Proposition 1 (restated). For the autoregressive
generation process parameterized by 0, the gradi-
ent of the Query-KL regularizer Rquery (0) strictly
flows through the query log-likelihood V ¢ly(q) and
is entirely orthogonal to the response policy score
function Vglogmy(o | q).

Proof. By definition,

Zpe (log po(q) — 1og pa, (4))-

qucry

Differentiating with respect to 6 and applying the
product rule,

v07?/query (9)

= Vops(q)(

_1ng60( ))
+Zpe ) Vo (log py(q)

— log P05(q))-

log pg(q)

(14)

Second sum collapses. Since pg, does not de-
pend on 6, we have Vg log pg,(q) = 0. Applying
the identity Vg log pg(q) = Vape(q)/pe(q) to the

remaining term gives

Z po(q Z Vopo(q

= Vo (Z pe(q)> ()

= V(1) =

q) Volog pe(q

where the third equality uses the fact that pg is a
probability distribution and therefore sums to one
identically in 6.

First sum simplifies via the log-derivative
trick. Applying Vgps(q) = po(q) Vologps(q)
and writing lg(q) := logpp(q) and lg,(q) =
log pg, (q), we obtain the closed-form gradient

vG’R*query (9)
= Egpn| (to(a) = £o(0))
: VM@(Q)} :

(16)

Structural conclusion. The right-hand side
of Eq. (16) depends on 6 only through the query
log-likelihood 4y(q) (and its gradient Vyly(q));
no factor of the response policy score function
Volog (o | q) appears. Equivalently, perturba-
tions to 7y (o | ¢) that leave the query marginal py
unchanged incur zero QKL gradient and are uncon-
strained by Rquery. This establishes the structural
decoupling between input-environment regulariza-
tion (carried by QKL) and response-side explo-
ration (left untouched). [l

I Derivation of Query Reweighting

The standard RL objective optimizes the expected
reward under the empirical training query distribu-
tion pyrain. ERPO instead considers a reference-
aligned objective in which queries are sampled
from the cached reference-induced query prior pg,:

Jerpo(0) = Egrpog, onms(-la) l9(g,0)]. (A7)

Expanding the expectation gives

0)=> po,(a) > _malo]q)g(q,o0).

(18)
However, stochastic training samples queries from
the empirical distribution p¢rain, rather than directly
from pg,. To express the same objective under

JERPO(



Ptrain, We multiply and divide by ptrain(q):

9
Z ptraln LX)

Jerpo (0
ptram (q

= El]"“ptraimONﬂ'e('\q) [w*(q)g(qﬂ 0)] 9

(19)
where the ideal importance weight is
w*(q) _ Py (Q) ) (20)
Ptrain (Q)

If training queries are sampled approximately

uniformly from a dataset of size N, then
Ptrain(q) = 1/N. Therefore,
* P6, ((D
w*(q) = ——~ = Npg,(q). (21)
( ptrain(‘]) Pl (q)

Since the multiplicative constant N is shared by
all queries, it does not affect the relative weighting
among queries. Thus, up to a global constant,

w*(q) o pg,(q)- (22)

In practice, ERPO estimates the reference-
induced query prior using a cached reference score
g, (q), which assigns larger values to queries that
are more favored under the pretrained reference
model. Hence we use a bounded, dataset-static
query weight w(q) that is monotone in £y, (q):

w(q) o Lo, (q)-

Substituting this query weight into the negative
optimization objective yields the ERPO training
loss

Lgrpo(0) =

(23)

_EqNPtrainy o~ (+|q) [w(q)g(% O)]
+ aunery (9) 24)

where Rquery(#) denotes the query-level regular-
ization term and « controls its strength.

In practice, the exact reference-induced query
prior pg, (¢) is not directly available on a finite train-
ing set. Therefore, we use the cached reference-
model log-probability as a practical monotone
proxy for the relative query preference induced
by the reference model. This approximation only
aims to preserve the relative ordering of queries un-
der the reference model, rather than to estimate the
absolute density value. We emphasize that this im-
plementation is not intended as an unbiased density-
ratio estimator; rather, it is a bounded monotone ap-
proximation to the ideal query importance weight
in Eq. (20).

For each query g¢;, let logpg,(g;) denote its
cached sequence log-probability under the ref-

Zﬂ‘ o] q)g(q, €rence model. We first define its negative log-

probability as

— log p, (¢i)- (25)
A larger reference-model probability corresponds
to a smaller s;. To obtain a weight whose mag-
nitude increases with the reference-model query
probability, we use the inverse normalized negative
log-probability. For a dataset with /N queries, let

1
=y 28 (26)
7j=1
We define the unbounded query weight as
- S
w(gi) = —. (27)
S

This normalization makes the weight dimension-
less and centers its scale around the dataset av-
erage, while preserving the monotonic relation-
ship that higher-probability queries receive larger
weights. Finally, to reduce the variance of impor-
tance reweighting and prevent any single query
from dominating optimization, we clip the weight
to a fixed range:

w(q;) = clip (0(g;),0,2). (28)
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