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Abstract

Reinforcement learning with verifiable rewards
(RLVR) has become a central paradigm for im-
proving reasoning and code generation in large
language models, and GRPO-style training is
widely adopted for its simplicity and effective-
ness. However, an important design choice
remains underexplored: how token-level pol-
icy gradient terms are aggregated within each
sampled group. Standard GRPO uses sequence
aggregation, while recent work has advocated
token aggregation as a better alternative. We
show that these two rules induce different opti-
mization biases: token aggregation introduces
sign-length coupling, while sequence aggrega-
tion implicitly downweights longer responses
through sequence-level equal weighting. To ad-
dress this tension, we propose Balanced Aggre-
gation (BA), a simple drop-in replacement that
computes token-level means separately within
the positive and negative subsets and then com-
bines them with sequence-count-based weights.
We further derive BA as the unique minimum-
KL correction to uniform token aggregation
under a hard advantage-balance constraint. Ex-
periments with Qwen2.5-Math-7B and Qwen3-
1.7B on DAPO-17k and Polaris show that BA is
robust across model–dataset settings. Indepen-
dent late-stage diagnostics of entropy, gradient
norm, and PPO-KL rank BA first or second
in all 12 matched comparisons, although these
temporal statistics do not replace multi-seed
uncertainty estimates.

1 Introduction

Reinforcement learning with verifiable rewards
(RLVR) has become a central paradigm for im-
proving the reasoning and code generation abilities
of large language models (LLMs). By replacing
learned reward models with programmatically ver-
ifiable signals such as exact-match correctness or
unit-test pass rate, RLVR provides a simple and

*Corresponding authors: Ge Zhang, Wenhao Huang, and
Xipeng Qiu.

scalable way to optimize models on tasks with ob-
jective outcomes.

Among recent RLVR methods, GRPO-style
training is particularly attractive in practice due to
its simplicity and effectiveness. For each prompt,
the policy samples multiple responses, assigns re-
wards based on verifiable outcomes, and computes
normalized group-wise advantages to optimize a
PPO-style objective. This design has been widely
adopted in reasoning and coding settings because
it avoids training a separate critic while still pro-
viding useful relative learning signals within each
sampled group.

Despite the growing adoption of GRPO-style
RLVR, an important design choice remains under-
explored: how token-level policy gradient terms are
aggregated within each sampled group. In standard
GRPO, the default choice is sequence aggregation,
which first averages over tokens within each re-
sponse and then averages across responses. Recent
works such as DAPO and Dr.GRPO highlighted
limitations of this design and accordingly advo-
cated token aggregation, which directly averages
the clipped objective over all tokens in the sampled
group, as a better alternative (Yu et al., 2025; Liu
et al., 2025b). In this paper, we show that these
two rules induce systematically different optimiza-
tion biases and can lead to substantially different
training dynamics and final performance.

We show that token aggregation introduces a
sign-length coupling bias: the relative contribu-
tion of positive and negative samples on the policy
gradient depends not only on their normalized ad-
vantages, but also on their average response lengths.
Therefore, when positive and negative responses
have different length distributions, token aggrega-
tion can systematically amplify one side of the
update.

Sequence aggregation removes this positive-
negative length coupling by assigning equal weight
to each response. However, this introduces a
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different bias: longer responses are implicitly
downweighted because each sequence contributes
equally regardless of how many tokens it contains
(Yu et al., 2025; Liu et al., 2025b).

These two biases matter in practice. We find that
token aggregation can be favorable when response
length variance is large, since it avoids overly sup-
pressing long responses. However, it is also more
sensitive to positive-negative length imbalance and
often leads to less stable optimization. This tension
suggests that a better aggregation rule should pre-
serve the sign-balance property of sequence aggre-
gation without inheriting its strong sequence-level
equal-weighting effect.

To this end, we propose Balanced Aggregation
(BA). The key idea is simple: we first split re-
sponses within each group into positive and neg-
ative subsets according to the sign of their nor-
malized advantages, compute token-level means
separately within each subset, and then combine
the two subset losses using weights proportional to
the number of sequences in each subset. This con-
struction removes the positive-negative length cou-
pling induced by token aggregation, while retaining
token-level averaging within each sign group. As
a result, BA preserves the same inter-sign balanc-
ing principle as sequence aggregation, but does not
force every response to have equal weight within a
sign group.

We evaluate BA on GRPO-style RLVR training
using Qwen2.5-Math-7B and Qwen3-1.7B across
DAPO and Polaris training sets, and report results
on six evaluation benchmarks including Math-500,
AIME 2024, AIME 2025, OlympicBench, Minerva-
MATH, and LiveCodeBench. Across both weak
and strong model regimes, BA delivers robust fi-
nal performance and avoids the unstable extremes
exhibited by either standard aggregation rule. Our
analysis further shows that the relative effective-
ness of token and sequence aggregation can be
largely explained by two factors: response length
variance and the response-length gap between posi-
tive and negative samples.

Our contributions are as follows:

• We show that loss aggregation in GRPO-style
RLVR is not a benign implementation de-
tail, and provide a unified analysis of the
sign-length coupling bias in token aggrega-
tion and the sequence equal-weighting bias in
sequence aggregation.

• We derive Balanced Aggregation (BA) as the

unique minimum-KL correction to uniform
token aggregation under a hard advantage-
balance constraint. The solution preserves
uniform token weights within each sign sub-
set and changes only their total masses.

• We provide empirical evidence that BA is
robust across models, datasets, and bench-
marks. Independent entropy, gradient-norm,
and PPO-KL diagnostics rank BA in the top
two in all 12 matched comparisons, and our
length analysis clarifies when token or se-
quence aggregation is preferable.

2 Related Work

RLVR and GRPO-Style Post-Training Recent
progress in reasoning-oriented LLM post-training
has highlighted the importance of reinforcement
learning, as reflected by the success of systems
such as OpenAI’s o1, DeepSeek-R1 (OpenAI et al.,
2024; Guo et al., 2025; Zeng et al., 2024). In tasks
with programmatically verifiable outcomes, rein-
forcement learning with verifiable rewards (RLVR)
has emerged as a particularly attractive paradigm
because it avoids learned reward modeling and
provides a scalable training signal for reasoning
and code generation. On the optimization side,
PPO (Schulman et al., 2017) has long served as
the standard policy optimization backbone, while
GRPO, introduced in DeepSeekMath (Shao et al.,
2024), further reduces training cost by replacing
the critic with group-relative reward normaliza-
tion. This critic-free formulation has made GRPO-
style training a practical foundation for large-scale
RLVR.

RLVR Training Tricks A growing line of work
has improved RLVR training from multiple angles.
Some methods focus on reducing train-infer mis-
match and improving training stability (Yao et al.,
2025; Liu et al., 2025a; Ma et al., 2025; DeepSeek-
AI et al., 2025; Zhiyuan et al., 2025). Another line
studies clipping and trust-region design, includ-
ing asymmetric clipping (Yu et al., 2025) and soft
clipping (MiniMax et al., 2025). A related direc-
tion directly improves importance sampling, with
methods such as GSPO and ASPO (Zheng et al.,
2025; Wang et al., 2025). Some works also exam-
ine the role of advantage estimation and normaliza-
tion, showing that the standard-deviation normal-
ization can introduce nontrivial optimization bias
(Liu et al., 2025b; DeepSeek-AI et al., 2025). Re-
cent empirical studies further revisit a wide range
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of RLVR training heuristics and scaling choices,
highlighting that many commonly used tricks can
have subtle effects (Liu et al., 2025c; Khatri et al.,
2025). Together, these studies show that RLVR
performance depends heavily on a collection of
low-level optimization choices rather than on the
policy objective alone.

Aggregation in GRPO-Style RL Among these
design choices, how token-level policy gradient
terms are aggregated has received less system-
atic attention. Standard GRPO uses sequence ag-
gregation, which first averages token-level contri-
butions within each response and then averages
across responses. Recent works such as DAPO
and Dr.GRPO identified limitations of this design
in long-form reasoning and accordingly advocated
token-level alternatives (Yu et al., 2025; Liu et al.,
2025b). GMPO improves optimization stability in
a different way, by replacing the arithmetic mean
with a geometric mean (Zhao et al., 2025). By
contrast, our focus is the bias induced by the ag-
gregation rule itself, so we center the analysis and
experiments on sequence aggregation and token
aggregation, and position Balanced Aggregation
as a simple alternative that directly addresses their
respective biases.

3 Method

3.1 GRPO-style RLVR
Given a prompt x, GRPO-style RLVR samples a
group of G responses from the current policy,

o1, o2, . . . , oG ∼ πθ(· | x). (1)

Each response receives a verifiable scalar reward
ri, and rewards are normalized within the group to
form sequence-level advantages:

µ =
1

G

G∑

i=1

ri, σ =

√√√√ 1

G

G∑

i=1

(ri − µ)2 + ϵ,

(2)

Âi =
ri − µ

σ
. (3)

The key point for our analysis is that Âi is shared
by all tokens in response oi.

3.2 Token-Level PPO Objective
Let Ti denote the length of response oi. For token
t, define

ρi,t(θ) =
πθ(oi,t | x, oi,<t)

πθold(oi,t | x, oi,<t)
. (4)

The clipped token-level PPO contribution is

ϕi,t(θ) = min
(
ρi,t(θ)Âi,

clip(ρi,t(θ), 1− ϵ, 1 + ϵ)Âi

)
.

(5)
The aggregation rule specifies how the token-level
terms ϕi,t are reduced to a group-level objective.

3.3 Aggregation rules

Two common reductions are token aggregation and
sequence aggregation. Token aggregation averages
over all generated tokens:

Jtoken(θ) = E

[
1

N

G∑

i=1

Ti∑

t=1

ϕi,t(θ)

]
,

N =
G∑

i=1

Ti.

(6)

Sequence aggregation first averages within each
response and then averages across responses:

Jseq(θ) = E

[
1

G

G∑

i=1

1

Ti

Ti∑

t=1

ϕi,t(θ)

]
. (7)

Both use the same token-level objective, but they
induce different length-dependent weights.

3.4 Motivation: Aggregation Bias in GRPO

To expose the bias, partition responses by the sign
of their advantage:

S+ = {i | Âi > 0}, S− = {i | Âi < 0}.
(8)

Let k = |S+|, so |S−| = G − k. For analysis,
we factor the sequence-level advantage out of the
token-level PPO contribution and define δi,t(θ) :=
ϕi,t(θ)/Âi for nonzero-advantage responses:

ϕi,t(θ) = Âi δi,t(θ). (9)

Under binary rewards, group normalization gives

Âi =





√
G−k
k , i ∈ S+,

−
√

k
G−k , i ∈ S−.

(10)

Substituting this into token aggregation yields

Jtoken ∝
√
k(G− k)

N

(
T̄+ δ̄tok+ − T̄− δ̄tok−

)
,

(11)
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where

T̄+ =
1

k

∑

i∈S+

Ti, T̄− =
1

G− k

∑

i∈S−

Ti,

(12)
and δ̄tok± denote token-level averages within each
sign group. More explicitly, with N+ =

∑
i∈S+

Ti

and N− =
∑

i∈S− Ti,

δ̄tok± =
1

N±

∑

i∈S±

Ti∑

t=1

δi,t. (13)

Thus token aggregation creates a sign-length cou-
pling bias: when T̄+ ̸= T̄−, the positive and nega-
tive gradient contributions are reweighted by their
average lengths. This is not merely a normaliza-
tion detail; it changes the effective balance between
reward-increasing and reward-decreasing updates
whenever response length correlates with reward
sign.

By contrast, sequence aggregation removes this
cross-sign length coupling:

Jseq ∝
√
k(G− k)

G

(
δ̄seq+ − δ̄seq−

)
, (14)

where

δ̄seq+ =
1

k

∑

i∈S+

(
1

Ti

Ti∑

t=1

δi,t

)
,

δ̄seq− =
1

G− k

∑

i∈S−

(
1

Ti

Ti∑

t=1

δi,t

)
.

(15)

This equalizes the positive and negative signs at
the group level, but introduces a sequence equal-
weighting bias: each response has equal weight
regardless of its token count. This can be desir-
able when the dominant issue is sign-length cou-
pling, but it may discard useful token-level averag-
ing when response lengths vary substantially for
reasons unrelated to correctness. The goal of BA
is to preserve the sign balance of sequence aggre-
gation while retaining token-level averaging within
each sign group.

3.5 Balanced Aggregation

We propose Balanced Aggregation (BA), a simple
aggregation rule that separates positive and nega-
tive samples before averaging.

We first compute token-level mean losses within
the positive and negative subsets:

L+ =
1

N+

∑

i∈S+

Ti∑

t=1

ϕi,t(θ),

L− =
1

N−

∑

i∈S−

Ti∑

t=1

ϕi,t(θ).

(16)

We then combine them using sequence-count-
based weights:

JBA(θ) = E
[
k

G
L+ +

G− k

G
L−

]
. (17)

Equivalently,

JBA(θ) =E
[
k

G
· 1

N+

∑

i∈S+

Ti∑

t=1

ϕi,t(θ)

+
G− k

G
· 1

N−

∑

i∈S−

Ti∑

t=1

ϕi,t(θ)

]
.

(18)

BA as minimum-distortion sign-balanced ag-
gregation. BA is not a heuristic interpolation
between token and sequence aggregation. Con-
sider one mixed-reward group and let pi,t = 1/N
be the uniform token weights used by token ag-
gregation. Among normalized nonnegative token
weights q, impose the hard advantage-balance con-
straint

∑
i,t qi,tÂi = 0, and otherwise perturb p as

little as possible:

min
q∈∆N

DKL(q∥p) s.t.

G∑

i=1

Ti∑

t=1

qi,tÂi = 0.

(19)
For binary rewards with 0 < k < G, the unique
solution is

q⋆i,t =





k

GN+
, i ∈ S+,

G− k

GN−
, i ∈ S−.

(20)

Applying q⋆ to the token-level terms ϕi,t gives ex-
actly JBA. Thus, BA assigns the required total
masses k/G and (G− k)/G to the two signs while
preserving uniform relative token weights within
each sign subset. The complete derivation and
uniqueness argument appear in Appendix A.
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3.6 Connection to Sequence Aggregation

BA is closely related to sequence aggregation, but
the two are not equivalent.

Under the same binary-reward GRPO setting,
substituting the normalized advantages into BA
yields

JBA ∝
√
k(G− k)

G

(
δ̄BA
+ − δ̄BA

−
)
, (21)

where

δ̄BA
+ =

1

N+

∑

i∈S+

Ti∑

t=1

δi,t,

δ̄BA
− =

1

N−

∑

i∈S−

Ti∑

t=1

δi,t.

(22)

By contrast, sequence aggregation has exactly
the same inter-sign form as in Eq. (14), with within-
sign averages defined in Eq. (15).

Therefore, BA and sequence aggregation share
the same inter-sign balancing structure: both re-
move the sign-length coupling of token aggrega-
tion and induce the same positive-negative prefac-
tor
√
k(G− k)/G. However, they differ in their

within-sign averaging rule. Sequence aggrega-
tion first averages tokens within each response and
then averages responses within each sign group, as
shown in Eq. (15). BA directly averages over all to-
kens within each sign group, as shown in Eq. (22).

In general,
δ̄seq± ̸= δ̄BA

± , (23)

unless all responses within a sign group have the
same length. Thus, BA should be understood as pre-
serving the sign-balance property of sequence ag-
gregation without inheriting its strong per-sequence
equal-weighting effect.

BA is a simple drop-in replacement for the ag-
gregation step in GRPO-style RLVR. It removes
the sign-length coupling bias of token aggrega-
tion while avoiding the strong sequence equal-
weighting bias of sequence aggregation. Although
the current formulation of BA is derived under
the binary-reward setting, BA can naturally ex-
tend to non-binary rewards, which is shown in Ap-
pendix B.

4 Experiments

4.1 Experimental Settings

Training Data We conduct RLVR training on
two datasets: DAPO-17k (approximately 17,000

mathematical reasoning problems) and Polaris (ap-
proximately 53,000 mathematical problems) (Yu
et al., 2025; Group et al., 2025). Both consist
of problem-answer pairs, where answers are used
to compute verifiable rewards for generated re-
sponses.

Evaluation Benchmarks We evaluate on six
benchmarks covering both difficult reasoning
and coding tasks: Math-500, AIME-2024,
AIME-2025, OlympicBench, Minerva-MATH,
and LivecodeBench (Lightman et al., 2023;
Lewkowycz et al., 2022; He et al., 2024; Jain et al.,
2024).

Compared Methods We compare three aggrega-
tion rules applied within the DAPO algorithm:

• token-agg: Token-level averaging, where the
clipped PPO objective is averaged over all
tokens in the sampled group. This is used in
DAPO and Dr.GRPO (Yu et al., 2025; Liu
et al., 2025b).

• seq-agg: Sequence-level averaging, where
token-level contributions are first averaged
within each response and then averaged across
responses. This is the default in GRPO (Shao
et al., 2024).

• balanced-agg: Our proposed balanced aggre-
gation, which splits responses by advantage
sign, computes token-level means separately
within positive and negative subsets, and
combines them with sequence-count-based
weights.

All other components (advantage normalization,
PPO clipping, sampling) are kept identical across
methods.

Training Details We train Qwen2.5-Math-7B
and Qwen3-1.7B (Yang et al., 2024, 2025) with
maximum response lengths of 2,048 and 8,192 to-
kens. Training is implemented in the verl frame-
work, using group size G = 16, learning rate 10−6,
and 500 total steps. We apply PPO clipping bounds
of 0.2 and 0.28 (the standard DAPO setting). The
global batch size is 128 prompts, each generating
16 responses via vLLM (temperature 1.0). Other
hyper-parameters follow the standard DAPO con-
figuration (Yu et al., 2025).
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Table 1: Main experimental results on DAPO-17k and Polaris datasets using Qwen2.5-Math-7B and Qwen3-1.7B
models. We report the average peak and last-step accuracy across six evaluation benchmarks.

Peak Performance Last-Step

Dataset Model Aggregation Acc@8 Best@8 Acc@8 Best@8

DAPO-17k

Qwen2.5-Math-7B
seq-agg 0.3578 0.4821 0.3446 0.4598
token-agg 0.3595 0.4869 0.3364 0.4434
balanced-agg 0.3634 0.4896 0.3424 0.4627

Qwen3-1.7B
seq-agg 0.4947 0.5990 0.4481 0.5522
token-agg 0.4876 0.6058 0.4360 0.5608
balanced-agg 0.4928 0.6086 0.4695 0.5861

Polaris

Qwen2.5-Math-7B
seq-agg 0.3405 0.4697 0.3172 0.4360
token-agg 0.3539 0.4768 0.3292 0.4527
balanced-agg 0.3423 0.4750 0.3319 0.4443

Qwen3-1.7B
seq-agg 0.4812 0.5950 0.4614 0.5730
token-agg 0.4842 0.6053 0.4349 0.5557
balanced-agg 0.4879 0.6094 0.4640 0.5550

Evaluation Protocol We sample 8 responses
per prompt (temperature 1.0). For math bench-
marks, correctness is determined using OpenCom-
pass’s rule-based verifier (Team, 2024); for Live-
codeBench, we execute the generated code against
unit tests (Jain et al., 2024). We report three
metrics: peak accuracy (highest accuracy ob-
served during training), peak best@8 accuracy,
and last-step accuracy (accuracy at the final train-
ing step).

4.2 Main Results

To evaluate Balanced Aggregation (denoted as
balanced-agg), we compare it against token-agg
and seq-agg baselines on two training datasets:
DAPO-17k and Polaris. We benchmark the ag-
gregation methods on two base models: Qwen2.5-
Math-7B and Qwen3-1.7B.

Table 1 presents the average scores across six
evaluation benchmarks. Since a full breakdown
would necessitate an overly large table, detailed
per-benchmark results are shown in Figure 1. Fur-
thermore, because RLVR training dynamics can be
highly volatile in later stages, the highest peak per-
formance does not guarantee the best last-step per-
formance. We therefore explicitly report both peak
and last-step metrics to comprehensively evaluate
each method’s training stability.

Overall results on DAPO-17k For Qwen2.5-
Math-7B, token-agg yields better peak perfor-
mance than seq-agg, but balanced-agg surpasses
both to establish the highest peak metrics. For
Qwen3-1.7B, the relationship flips: seq-agg be-
comes superior to token-agg. This is highly rele-

vant since token-agg is the default in frameworks
like verl, yet it is clearly not universally better
than seq-agg. More crucially, while balanced-agg
achieves peak metrics comparable to seq-agg, it
successfully prevents the severe degradation of-
ten observed in later stages of RLVR, maintaining
much higher last-step accuracies.

Overall results on Polaris Similar performance
dynamics are observed on Polaris. For Qwen2.5-
Math-7B, token-agg exhibits the highest peak met-
rics but suffers noticeable degradation toward the
end of training. In contrast, balanced-agg achieves
the most robust last-step accuracy and strictly out-
performs seq-agg across all evaluated metrics. For
Qwen3-1.7B, balanced-agg achieves the highest
peak metrics compared to both baselines. In the
final training stages, while token-agg suffers a
severe collapse, both seq-agg and balanced-agg
maintain much more robust last-step accuracies.

Cross-setting summary Across both datasets, a
consistent dynamic emerges: token-agg performs
better on Qwen2.5-Math-7B, whereas seq-agg is
more stable and accurate on Qwen3-1.7B. This sug-
gests neither standard aggregation provides a con-
sistently reliable optimization signal across differ-
ent base models. We delve into the reasons behind
this performance flip in Section 4.3. Balanced-agg
bridges this gap, ranking as the best or a competi-
tive method across the evaluated settings. The inde-
pendent diagnostics in Section 4.3.3 further show
that it consistently avoids the least stable rank.
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Figure 1: Comparison of peak and last-step accuracy across evaluation benchmarks. For each benchmark, values are
averaged over four training settings: Qwen2.5-Math-7B and Qwen3-1.7B, each trained on DAPO-17k and Polaris.
Solid bars indicate peak performance, while dashed bars indicate last-step performance.

4.3 Analysis

The main results in Table 1 show that aggregation
rules interact strongly with the base model and
training corpus, and that peak accuracy alone can
be misleading when training is volatile. In this sub-
section, we unpack these findings along four com-
plementary axes. First, we compare peak versus
last-step accuracy at the per-benchmark level. Sec-
ond, we use policy-gradient loss trajectories only
to visualize the aggregation imbalance predicted
by our analysis. Third, we quantify late-stage train-
ing variability using entropy, gradient norm, and
PPO-KL, which are independent of the scalar loss
definition. Finally, we connect the theory in Sec-
tion 3.4 to the model-dependent flip in Section 4.2
and to length statistics over training (Figure 3).

4.3.1 Peak vs. Last-Step Performance
Figure 1 compares peak and last-step accuracy
on each benchmark, where each bar is averaged
over four training settings: Qwen2.5-Math-7B
and Qwen3-1.7B, each trained on DAPO-17k and
Polaris. At peak performance, token-agg and
balanced-agg are very close, and on most bench-
marks both outperform seq-agg. The difference
emerges at the final checkpoint: token-agg ex-
hibits the largest peak-to-last drop on nearly all

benchmarks, whereas balanced-agg preserves its
gains much better and achieves the best or tied-best
last-step result on five of the six benchmarks. The
largest peak-to-last gaps appear on AIME-2024
and AIME-2025, likely due in part to the higher
variance of their small evaluation sets. Overall,
BA shows stronger late-stage retention than token
aggregation while remaining competitive at peak
performance.

4.3.2 Policy-gradient loss dynamics and
aggregation bias

Figure 2 illustrates the loss decomposition pre-
dicted by Section 3.4. When the positive–negative
response-length gap is large, token aggregation
overweights the longer sign group and produces
a persistent offset, whereas sequence aggregation
and BA remove this cross-sign factor. Because this
behavior partly follows from the respective normal-
izations, we do not interpret a near-zero scalar loss
as evidence of better optimization. We instead eval-
uate training variability with independent signals
below.

4.3.3 Independent Late-Stage Stability
Diagnostics

We measure the temporal standard deviation of pol-
icy entropy, gradient norm, and absolute PPO-KL
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(a) Qwen2.5 on DAPO (b) Qwen2.5 on Polaris

Figure 2: Policy-gradient loss for Qwen2.5-Math-7B on DAPO-17k and Polaris. Because negative responses are
systematically longer, token-agg places disproportionate mass on negative samples and its scalar loss shifts away
from zero. Seq-agg and balanced-agg remove this cross-sign length coupling. This figure diagnoses the predicted
aggregation imbalance; proximity to zero is not itself evidence of policy quality or optimization stability.

Table 2: Late-stage stability diagnostics over the final 100 training steps. Lower is better. PPO-KL standard
deviations are reported in units of 10−5 (e.g., 3.333 denotes 3.333 × 10−5). Bold and italic denote the best and
second-best aggregation rules within each matched model–dataset–metric comparison. The rank summary counts
positions over all 12 comparisons.

Model Dataset Temporal std Token-agg Seq-agg BA

Qwen2.5 DAPO-17k
Entropy .0284 .0237 .0223
Grad norm .0288 .0234 .0245
|PPO-KL| 3.333 4.381 3.911

Qwen2.5 Polaris
Entropy .0532 .0381 .0339
Grad norm .0155 .1011 .0236
|PPO-KL| 3.610 4.895 3.732

Qwen3 DAPO-17k
Entropy .0491 .0380 .0485
Grad norm .0045 .0035 .0042
|PPO-KL| .864 .605 .794

Qwen3 Polaris
Entropy .0562 .0249 .0517
Grad norm .0036 .0033 .0030
|PPO-KL| .857 .846 .716

Rank summary (12 comparisons) Token-agg Seq-agg BA
First 3 5 4
Second 0 4 8
Last 9 3 0

over the final 100 training steps (steps 401–500).
These quantities characterize fluctuations in pol-
icy uncertainty, update magnitude, and policy drift,
respectively, and do not depend on the scalar policy-
loss aggregation. Lower values indicate smoother
late-stage dynamics.

Table 2 reveals different leaders for different
diagnostics. For entropy, BA has lower variabil-
ity than token-agg in all four settings: it ranks
first for both Qwen2.5 runs and second to seq-agg
for both Qwen3 runs. For gradient norm, BA re-
mains in the top two in every setting, ranking first
on Qwen3–Polaris and second in the other three.
The Qwen2.5–Polaris run also illustrates why no

method dominates universally: token-agg has the
lowest gradient-norm variation there, while seq-agg
is substantially more variable.

The PPO-KL results show a complementary
model-dependent pattern. Token-agg is best on
the two Qwen2.5 runs, seq-agg is best on Qwen3–
DAPO, and BA is best on Qwen3–Polaris; never-
theless, BA ranks second in the other three com-
parisons. Aggregating all metrics and settings, BA
obtains 4 first-place and 8 second-place ranks, with
no last-place outcomes. Seq-agg obtains more
wins (5) but ranks last 3 times, while token-agg
ranks last 9 times. We therefore interpret BA as the
most consistent method across diagnostics, not as
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(a) DAPO: length CV (b) DAPO: pos-neg gap (c) Polaris: length CV (d) Polaris: pos-neg gap

Figure 3: Length-distribution statistics related to the relative behavior of token and sequence aggregation. We report
response-length CV, where CV denotes the coefficient of variation, and the pos-neg gap, defined as the average
length of positive responses minus that of negative responses, over training on DAPO-17k and Polaris.

a method that minimizes every variability measure.
Because each result comes from one training tra-
jectory, these temporal statistics do not establish
multi-seed significance.

4.3.4 Understanding the Model-Dependent
Flip

Our theory in Sections 3.3 and 3.4 suggests a sim-
ple criterion for when each aggregation rule should
be preferred. Token-agg should be more favor-
able when response-length variation is large but
the positive–negative length gap is relatively mild,
because in that regime the weakness of seq-agg
is more pronounced than the weakness of token-
agg. Conversely, seq-agg should be more favor-
able when response-length variation is small but
the positive–negative length gap is large, because in
that regime the sign-length coupling bias in token-
agg becomes the dominant issue. In Section 4.2,
we observe exactly such a model-dependent flip:
token-agg performs better on Qwen2.5-Math-7B,
whereas seq-agg performs better on Qwen3-1.7B.
Figure 3 tests this explanation by tracking over
training the two quantities highlighted by the the-
ory on DAPO-17k and Polaris.

When is Token-Agg Better than Seq-Agg?
Qwen2.5-Math-7B falls into the regime favorable
to token-agg. As shown in Figure 3, it exhibits
substantially larger response-length variation than
Qwen3-1.7B, while its positive–negative length
gap is generally milder. This means the sequence-
level equal-weighting effect in seq-agg is more
harmful than the sign-length coupling bias in token-
agg, which explains why token-agg can outper-
form seq-agg on Qwen2.5-Math-7B in Table 1.

When is Seq-Agg Better than Token-Agg?
Qwen3-1.7B shows the opposite pattern. Its
response-length variation is much smaller, so the

weakness of seq-agg is reduced. Meanwhile, its
positive–negative length gap is consistently larger,
making the sign-length coupling bias in token-agg
more severe. This is why seq-agg outperforms
token-agg on Qwen3-1.7B in Table 1. The same
comparison also helps explain why balanced-agg
is robust across both regimes: it mitigates the
positive–negative coupling that hurts token-agg
without paying the full cost of sequence-level equal
weighting.

5 Conclusion

We studied how aggregation in GRPO-style RLVR
shapes optimization. Token aggregation suffers
from sign-length coupling, while sequence aggre-
gation removes this coupling but imposes strong
per-sequence equal weighting. BA is the unique
minimum-KL correction to uniform token aggre-
gation that enforces advantage balance under bi-
nary rewards: it preserves uniform token weighting
within each sign group while correcting only their
total masses. Across models and datasets, BA re-
mains competitive in performance and ranks first
or second in all 12 independent late-stage stability
comparisons. These results establish aggregation
as a first-class design choice rather than a benign
implementation detail.

Limitations

Our experiments cover two models and two corpora
in math/code RLVR; broader settings and multi-
seed runs are needed to establish generality and
statistical significance. The minimum-KL result as-
sumes binary rewards and mixed-sign groups, and
the non-binary extension in Appendix B remains
untested.
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Appendix A BA as a Minimum-KL
Sign-Balanced Aggregation

We derive the solution of Eq. (19). Let I+ and I−
denote the positive- and negative-advantage token
sets, with cardinalities N+ and N−. Under binary
rewards, all tokens in each set share one of two
normalized advantage values:

a+ =

√
G− k

k
, a− = −

√
k

G− k
. (24)

Let Q+ =
∑

(i,t)∈I+ qi,t and Q− = 1−Q+ be
the total token-weight masses assigned to the two
signs. The balance constraint is

a+Q+ + a−Q− = 0. (25)

Together with Q+ +Q− = 1, this uniquely deter-
mines

Q+ =
−a−

a+ − a−
=

k

G
,

Q− =
a+

a+ − a−
=

G− k

G
.

(26)

It remains to determine how each fixed mass
should be distributed within its sign set. Since
pi,t = 1/N ,

DKL(q∥p) =
∑

i,t

qi,t log qi,t + logN. (27)

For a fixed Q+, strict convexity of u log u (or the
KKT conditions) implies that the positive-set con-
tribution is uniquely minimized by distributing Q+

uniformly over its N+ tokens. The same argument
applies to the negative set. Hence

q⋆i,t =





Q+

N+
=

k

GN+
, (i, t) ∈ I+,

Q−
N−

=
G− k

GN−
, (i, t) ∈ I−.

(28)

The feasible set is convex and DKL(q∥p) is strictly
convex on it, so this solution is unique. Finally,

∑

i,t

q⋆i,tϕi,t =
k

G
L+ +

G− k

G
L− = JBA, (29)

which proves that BA is exactly the minimum-
distortion sign-balanced correction to token aggre-
gation. The sequence-count weights are therefore
derived from the balance constraint rather than cho-
sen heuristically.

Appendix B Extension to Non-Binary
Rewards

Our main presentation of Balanced Aggregation
(BA) focuses on the standard binary-reward GRPO
setting, where the normalized advantages are con-
stant within each sign subset. In that case, the posi-
tive and negative groups can be characterized solely
by their sequence counts, which leads to the simple
sequence-count weights k/G and (G− k)/G.

For general real-valued rewards, however, the
normalized advantages Âi are no longer constant
even within the same sign subset. As a result, se-
quence counts alone are no longer sufficient to
characterize the relative contribution of the pos-
itive and negative subsets. In particular, if we write
the token-level PPO contribution as

ϕi,t(θ) = Âi δi,t(θ),

then the total contribution of each sign subset de-
pends not only on the number of responses and
their lengths, but also on the magnitudes of their
advantages.

To generalize BA to this setting, we first define
the positive and negative subsets

S+ = {i | Âi > 0}, S− = {i | Âi < 0}.

We then define the corresponding sign-wise advan-
tage masses

M+ =
∑

i∈S+

Âi, M− =
∑

i∈S−

(−Âi),

and the sign-wise advantage-weighted token
masses

Z+ =
∑

i∈S+

ÂiTi, Z− =
∑

i∈S−

(−Âi)Ti.

Using these quantities, we define the generalized
BA objective as

JBA-gen(θ) =E
[
M+

G
· 1

Z+

∑

i∈S+

Ti∑

t=1

ϕi,t(θ)

+
M−
G

· 1

Z−

∑

i∈S−

Ti∑

t=1

ϕi,t(θ)

]
.

Since ϕi,t(θ) is positive-advantage-weighted on
S+ and negative-advantage-weighted on S−, this
construction preserves the original policy-gradient
weighting induced by Âi, while normalizing the
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positive and negative subsets separately. Equiva-
lently, substituting ϕi,t(θ) = Âiδi,t(θ) gives

JBA-gen(θ) = E
[
M+

G
δ̄gen+ − M−

G
δ̄gen−

]
,

where

δ̄gen+ =
1

Z+

∑

i∈S+

Âi

Ti∑

t=1

δi,t(θ),

δ̄gen− =
1

Z−

∑

i∈S−

(−Âi)

Ti∑

t=1

δi,t(θ).

Therefore, the generalized BA retains the same
core principle as the binary version: positive and
negative samples are first normalized within their
own sign subsets and are then recombined in a
sign-balanced manner. The key difference is that,
in the non-binary case, sign balance is determined
by advantage mass rather than sequence count.

Moreover, under the usual group-normalization
condition

G∑

i=1

Âi = 0,

we have

M+ = M− =
1

2

G∑

i=1

|Âi|.

Hence, the positive and negative subsets remain
symmetric at the inter-sign level, so the general-
ized BA still removes the cross-sign sign-length
coupling induced by standard token aggregation.

Finally, under binary rewards, Âi is constant
within each sign subset. In that case,

M+ = ka+, M− = (G− k)a−,

Z+ = a+N+, Z− = a−N−,

for some constants a+ > 0 and a− > 0. Substitut-
ing these expressions into JBA-gen recovers exactly
the original BA objective defined in the main text.
Therefore, the generalized formulation is a strict
extension of BA rather than a different objective.
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