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Abstract

Long-reasoning models achieve strong accu-
racy on complex reasoning tasks, but their ex-
tended reasoning trajectories incur substantial
memory and latency costs. Several existing
shortening methods rely on additional super-
vision or multi-stage post-training, which pri-
marily reduces inference length and does not
reduce the rollout tokens during on-policy re-
inforcement learning (RL). We instead target
on-policy response shortening, aiming to im-
prove both inference efficiency and RL training
throughput. However, because on-policy RL
couples optimization with exploration, naively
penalizing length can destabilize training and
suppress exploration. To impose length pres-
sure safely, we propose a lazy length penalty
integrated into the rule-based RL pipeline: it
activates only on correct trajectories, only af-
ter training accuracy enters a stably improv-
ing regime, and only when responses exceed
a tolerance band beyond the minimal correct
length. Across four settings, our method signif-
icantly reduces response length without extra
training stages while maintaining or improv-
ing performance. In a logic reasoning setting,
we achieve a 40% reduction in step-averaged
response length alongside a 14-point gain in
performance. For math problems, we reduce
step-averaged response length by 33% while
preserving performance.

1 Introduction

Long reasoning models (LRMs) trained with large-
scale, rule-based on-policy reinforcement learning
(RL) have achieved strong performance on complex
reasoning tasks, often exhibiting self-reflection and
self-correction (Chen et al., 2025a; DeepSeek-Al
et al., 2025; OpenAl et al., 2024). A recurring em-
pirical trend in these pipelines is that reasoning tra-
jectories grow longer as training progresses, which
can correlate with improved accuracy (DeepSeek-
Al et al., 2025). However, this length growth is

costly: longer outputs increase inference latency
and K'V-cache memory, and longer rollouts directly
reduce RL training throughput, sometimes making
large-scale on-policy RL impractical.

Importantly, longer reasoning is not always bet-
ter. Models can overthink, repeat steps, or drift into
redundant verification, and unnecessary length may
even hurt performance (Chen et al., 2025b; Team
et al., 2025; Yang et al., 2025; Sui et al., 2025).
These observations motivate methods that shorten
reasoning trajectories while preserving correctness.

Most existing shortening approaches rely on
extra supervision, distillation, or off-policy/post-
training stages (Xia et al., 2025; Kang et al., 2024;
Ma et al., 2025b; Munkhbat et al., 2025; Yu et al.,
2024; Liu et al., 2024; Cui et al., 2025; Luo et al.,
2025a; Shen et al., 2025). Such methods can reduce
inference length, but they do not reduce the rollout
tokens already spent during the main on-policy RL
stage. A natural alternative is to directly penalize
length in the on-policy reward (e.g., Kimi (Team
et al., 2025)). Yet in our reproduction, applying
length shaping early causes a failure mode: trajecto-
ries collapse to overly short outputs, exploration is
suppressed, and training becomes unstable, leading
to suboptimal performance. Similar degradation
is reported elsewhere (Arora and Zanette, 2025;
Hou et al., 2025). This suggests that on-policy
length control must respect the coupling between
exploration and optimization.

We take the view that length is an auxiliary
property of a reasoning trajectory: success is de-
fined by correctness, while brevity is a preference
among successful trajectories. Hence, length regu-
larization in on-policy RL should be lazy: apply it
where it is safe (only on correct trajectories), when
learning is stable, and what is truly redundant (only
excess length beyond a tolerance band).

Guided by this principle, we propose Short-RL,
a lazy length penalty integrated into rule-based
on-policy RL. It consists of three gates: RIGHT-



GATE applies shaping only to correct trajectories,
SLACKBAND penalizes only excess length beyond
a tolerated minimum, and STABLESWITCH acti-
vates shaping only once batch accuracy is suffi-
ciently stable. Across four settings, Short-RL sig-
nificantly shortens trajectories without extra train-
ing stages while maintaining or improving perfor-
mance. On Logic-RL, we reduce step-averaged
response length by 40% while improving perfor-
mance by 14 points; on three math RL pipelines,
we reduce step-averaged length by up to 33% while
preserving performance.

2 Related Work

We build on (i) long-reasoning models trained with
large-scale, rule-based on-policy RL, and (ii) meth-
ods for shortening long-form reasoning. Our focus
is the intersection: shortening trajectories during
on-policy RL without extra post-training stages.

2.1 Rule-Based RL for Long Reasoning

Recent LRMs improve performance by generating
explicit multi-step trajectories and are often trained
with large-scale, rule-based on-policy RL, which
can enhance reasoning without human preference
labels (DeepSeek-Al et al., 2025; OpenAl et al.,
2024). A consistent empirical observation is that
response length tends to increase during training,
raising inference latency and KV-cache usage, and
more critically, increasing rollout token cost during
RL (DeepSeek-Al et al., 2025). This trend appears
across domains, including logic reasoning (e.g.,
Logic-RL) (Xie et al., 2025, 2024) and mathemat-
ical reasoning pipelines (Zeng et al., 2025; Luo
et al., 2025b; Hu et al., 2025; Yu et al., 2025), moti-
vating efficiency improvements that operate within
the on-policy training loop.

2.2 Shortening Long-Form Reasoning

A broad literature seeks to reduce the cost of long-
form reasoning by shortening trajectories or reduc-
ing generated tokens.

Supervised and off-policy shortening. Many
methods rely on supervised fine-tuning or dis-
tillation to compress chains-of-thought or skip
steps (Xia et al., 2025; Kang et al., 2024; Ma et al.,
2025b; Munkhbat et al., 2025; Yu et al., 2024; Liu
et al., 2024; Cui et al., 2025), or use off-policy
RL / extra post-training stages to prune and revise
traces (Luo et al., 2025a; Shen et al., 2025). While

effective, these approaches typically require addi-
tional data or training phases and are not directly
aligned with the in-process on-policy RL pipelines
used to train LRMs.

Inference-time  control. Prompting and
decoding-time strategies (e.g., concise prompting,
token budgets, early stopping) reduce inference
cost by limiting or guiding generation (Han et al.,
2025; Renze and Guven, 2024; Xu et al., 2025;
Ma et al., 2025a). Related work on routing and
dynamic computation allocates reasoning effort
based on difficulty or intent (Anthropic, 2025;
Aytes et al., 2025; Chuang et al., 2025; Ong et al.,
2025; Pu et al., 2025; Aggarwal and Welleck,
2025; She et al., 2025; Wu et al., 2025). These
methods primarily affect inference and do not
reduce the rollout tokens already consumed during
RL training.

On-policy length rewards. Closest to our set-
ting are length-based rewards integrated into RL.
Kimi (Team et al., 2025) proposes a direct length
reward but applies it in a post-RL stage, noting that
using it early can harm training. Efficient (Arora
and Zanette, 2025) scales rewards based on re-
sponse length and observes accuracy-length trade-
offs, while ThinkPrune (Hou et al., 2025) penalizes
correct responses beyond a limit and similarly high-
lights the brevity—accuracy tension.

Our position. In contrast to post-RL or inference-
only approaches, we target training-time efficiency
in on-policy RL. We treat length as an auxiliary tra-
jectory property and introduce a lazy length penalty
that (i) applies only on correct trajectories, (ii) pe-
nalizes only excess length beyond a tolerance band,
and (iii) activates only after training becomes sta-
ble. This design aims to shorten rollouts during RL
training while avoiding the exploration and stability
failures of naive always-on length shaping.

3 Methodology

3.1 Notation and Setup

Let x be the prompt and y* the reference answer.
Each rollout produces a full output u;, parsed into
a reasoning trace z; and final answer y;. We define
correctness ¢; := I[y; = y*| and length [; := (1)
(token count). Let acc be the batch correctness
rate over rollout samples and accpax its running
maximum.



3.2 Background: Length-Aware Rewards in
Rule-Based On-Policy RL

A standard way to encourage shorter trajectories is
to add a length term to the original task reward:

R(xﬂl) = Rtask(xyﬁ) +a- Rlen(xa zl), (1)

where Ry, is the original rule-based reward (e.g.,
correctness/format), Ry, is a shaping term based
on output length, and « controls its strength. Fig-
ure 1 illustrates representative designs (Kimi, Effi-
cient, ThinkPrune).

Among them, Kimi (Team et al., 2025) is a com-
mon choice and serves as our case study. For
each prompt x, sample & outputs and compute
lmin = mini li, lmax = max; li. If lmaX = lmin’
set the length reward to 0. Otherwise,

. iy c =1,
Rien (Z) = l, ! 2)
min(0, A;), ¢ =0,
where \; = 0.5 — ﬁ
3.3 Why Naive On-Policy Length Shaping
Fails

Length is an auxiliary trajectory attribute: correct-
ness defines success, while shorter outputs are pre-
ferred among correct trajectories. In on-policy
RL, optimization and data collection are coupled,
so always-on length shaping can reshape the sam-
pled trajectory distribution and interfere with ex-
ploration.

Empirical early collapse. Using Kimi-style
shaping from the start of Logic-RL training (Xie
et al., 2025) causes reward-hacking: trajectories
rapidly collapse to very short outputs and accuracy
becomes unstable or degrades (Figure 2).

Two conflicts. (i) Exploration suppression:
Eq. 2 computes lyin, Imax Over all samples and
can further penalize incorrect rollouts, biasing sam-
pling toward short (often uninformative) trajecto-
ries and reducing reasoning-path diversity (Fig-
ure 3). (ii) Training instability: applying length
pressure throughout training can compete with
competence acquisition, since longer traces may be
necessary to discover correct strategies at certain
stages.

These observations motivate a simple princi-
ple: auxiliary-trajectory regularization should be
lazy—it should specify where it applies (only cor-
rect trajectories), what it penalizes (only excess

length), and when it activates (only after learning
is stable).

3.4 Short-RL: Lazy Length Penalties

We implement this principle via three gates:

* RIGHTGATE (Where). Apply length shaping
only to correct trajectories. For each prompt
x, compute Iy, and [,y using only correct
samples C(xz) = {j | ¢; = 1}, and set the
length term to O for incorrect samples.

* SLACKBAND (What). Penalize only excess
length beyond a tolerance 7. If I; < lpnin + 7,
we apply a constant baseline (no preference
among these correct trajectories); only samples
exceeding the band receive decreasing reward.

* STABLESWITCH (When). Activate length
shaping only when training is stable: enable
the length term only if acc > accpax — Tacc-

3.5 Unified Reward

Putting the gates together, the length shaping term
for sample 7 is

Rien (i) = {@‘,

0, otherwise,

Aiv
bi = {0.5,
A\ =05 — m7

lmax - lmin

if ¢; =1, acc > acCmax — Tace,

if l’L > lmin + 7,

otherwise,

3)
with C(xz) = {j | ¢; = 1} and

Imin = min [,

Imax = max [;.
JjEC(z)

JEC(z)

If |C(z)| = 0, we set Rien(i) = 0 for all 4. If
Imax = lmin, the “excess-length” condition is never
satisfied, so \; is unused and correct samples de-
fault to the constant baseline.

Finally, we plug Rje, into Eq. 1. The tolerance
7; controls how much length is ignored as accept-
able slack, while 7, controls how early and how
frequently length shaping activates.

4 Experiments

In this section, we evaluate whether Short-RL can
shorten reasoning trajectories during on-policy
RL while maintaining (or improving) task perfor-
mance. Since the dominant cost of on-policy RL
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Figure 1: Reward values as a function of response length. Blue lines indicate rewards for correct responses and red

lines represent rewards for incorrect responses.
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Figure 2: Test accuracy (left) and average response
length (right) across different .

scales with rollout tokens, we emphasize both accu-
racy and efficiency. We report two complementary
length metrics: Training (step-avg) as a proxy for
training-time token cost of a response, and Infer-
ence (final) as a proxy for test-time decoding cost
for one question.

4.1 Experimental Settings

We first describe the evaluation domains, training
setups, metrics, and baselines used throughout the
experiments.

Evaluation domains and training setups. We
evaluate on two domains: logic reasoning and
mathematical reasoning. The logic domain fol-
lows Logic-RL (Xie et al., 2025). The math
domain includes three representative on-policy
RL pipelines: DeepScaleR (Luo et al., 2025b),
SimpleRL-Reason (Zeng et al., 2025), and Open-
Reasoner-Zero (Hu et al., 2025). Across all ex-
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Figure 3: Diversity metric on ppl5 during training.

periments, we use the same model architecture
and training framework as the corresponding origi-
nal projects in the VeRL framework (Sheng et al.,
2024). For the three math settings, we adopt a
DeepSeek-R1-style prompt template and include
the format reward used by the original pipelines.
Full prompts and hyperparameters are in Ap-
pendix Training Details.

Training-cost and inference-cost metrics. On-
policy RL cost scales with the number of generated
tokens in rollouts and overlong responses require
significant memory cost and computation time. To
make efficiency explicit, we report two length met-
rics: (i) Training (step-avg): response length av-
eraged over training steps (proxy for training-time
token cost and throughput); (ii) Inference (final):
response length measured at the final checkpoint
(proxy for test-time decoding cost). Unless stated
otherwise, accuracy is always evaluated at the final
checkpoint.

4.1.1 Logic Reasoning

We begin with logic reasoning, where long roll-
outs naturally emerge and the training-time effi-
ciency benefit of on-policy shortening is most visi-
ble. We use the same datasets and evaluation pro-
tocol as Logic-RL (Xie et al., 2025), initializing
from Qwen2.5-7B (Qwen et al., 2025). For Short-
RL, we set 7 = 200, Tyee = 0.05, and @ = 1



(details in Appendix Training Details). We report
in-domain accuracy on 2- to 8-person tasks, and
out-of-domain generalization on AMC and AIME
following the Logic-RL protocol. We also report
Training (step-avg) and Inference (final) lengths.

4.1.2 Math Reasoning

We next evaluate on mathematical reasoning,
which provides three different RL pipelines and
tests whether the same lazy length penalty gen-
eralizes across implementations. We evalu-
ate on DeepScaleR (Luo et al., 2025b), Open-
Reasoner-Zero (Hu et al., 2025), and SimpleRL-
Reason (Zeng et al., 2025), reusing nearly all
hyperparameters from each original implementa-
tion. Short-RL hyperparameters for each setting
are listed in Appendix Table 3. We evaluate on
five benchmarks: AIME2024 (invitational math-
ematics examination, 2024), AMC23 (AI-MO,
2025), MATH-500 (Lightman et al., 2023), Min-
erva Math (Hendrycks et al., 2021), and Olympiad
Bench (He et al., 2024). We again report Training
(step-avg) and Inference (final) lengths.

4.1.3 Baselines

Finally, we describe the baselines used to isolate the
effects of on-policy length shaping and to compare
against prior length-control rewards. We compare
against:

» Standard: on-policy RL with the original task
reward Rk (no length shaping).

* Kimi (post): the two-stage procedure used by
Kimi (Team et al., 2025): first run Standard RL,
then apply the length reward in a later stage.
Importantly, this post-RL setup can shorten
inference trajectories, but it does not reduce
the rollout tokens already consumed in stage-
1 RL. Therefore, in our tables we report the
Training (step-avg) length of the first (Stan-
dard) stage for Kimi (post), as this reflects the
actual training-time cost.

* Efficient: length-aware scaling reward
from (Arora and Zanette, 2025). We tune the
scaling coefficient over {0.02, 0.05, 0.08,0.10}
per setting: Logic-RL (0.05), DeepScaleR
(0.10), and Open-Reasoner-Zero / SimpleRL-
Reason (0.02). Note this coefficient differs
from our «.

* ThinkPrune: cosine length reward from (Hou
et al., 2025). We select a length limit that yields

In Domain Out of Domain Avg. Response Length

Method

ppi2 ppl3 ppld ppl5 ppl6 ppl7 ppl8 Avg AMC AIME Training (step-avg) Inference (final)

Standard 82 87 88 81 76 69 70 79 39796 7.7 1477 2632
Kimi(post) 84 88 89 84 79 74 76 82 3989 8.13 1477 763

cient 76 81 79 77 62 48 51 68 3735 177 772 843
ThinkPrune 80 84 86 82 70 66 64 76 3847 735 832 793
Short-RL 97 97 99 95 92 83 87 93 4217 874 889 535

Table 1: Logic-RL evaluation at the final checkpoint.
“Training (step-avg)” is the response length averaged
over training steps (proxy for training-time token cost);
“Inference (final)” is the response length at the final
checkpoint (proxy for test-time decoding cost).

a comparable Inference (final) length to Short-
RL: 1700 (Logic-RL), 2500 (DeepScaleR),
and 1500 (Open-Reasoner-Zero / SimpleRL-
Reason).

4.2 Main Results

We now present the main quantitative results. We
start with logic reasoning, highlighting both ac-
curacy and training-time token savings, and then
move to math reasoning to evaluate generality
across three pipelines.

4.2.1 Logic Reasoning: Accuracy Improves
While Cost Drops

Table 1 shows that Short-RL consistently improves
accuracy while significantly reducing training-time
rollout tokens. Compared with Standard RL, Short-
RL reduces Training (step-avg) length by 40%
(1477—889) while improving average in-domain
accuracy by 14 points (79—93). Inference effi-
ciency also improves substantially (2632—535).

A key distinction from post-RL length control
is training efficiency: Kimi (post) reduces Infer-
ence (final) length, but it inherits the Training
(step-avg) length of the initial Standard RL stage,
and therefore does not reduce training-time rollout
cost. In contrast, Short-RL applies a lazy length
penalty on-policy after the policy reaches stable
competence, shortening trajectories during RL it-
self and directly reducing training cost—analogous
in spirit to trajectory truncation in standard RL, but
achieved through a learned, stability-aware mecha-
nism rather than a hard cap.

In addition, Figure 4 shows that our penalty is
activated on-policy during RL: once accuracy be-
comes stable, the length control rate rises and the
average rollout length decreases, explaining the
reduction in Training (step-avg) tokens without re-
lying on a separate post-RL stage.



Math Benchmarks Avg. Response Length
AIME2024 AMC23 MATHS500 Minerva Math Olympiad Bench Avg Training (step-avg) Inference (final)

DeepScaleR

Standard 2667 5904 8140 26.10 42.65 47.17 2523 3072

Kimi (posy) 2333 6145  81.00 2537 4219 46.79 2523 1678

Efficient 2000 4940 578 16.54 3373 35.49 1517 1537

ThinkPrune 26.67 56.63 78.40 25.74 41.31 45.75 1589 1621

ShortRL 3000 6024  80.60 2647 4265 47.99 1692 1700

Open-Reasoner-Zero

Standard 16.67 50.60 78.80 30.88 38.04 43.00 746 840
Kimi (post)  20.00 49.40 77.40 31.25 38.63 4334 746 621

Method

Efficient 13.33 46.99 66.40 2647 35.96 37.83 578 655
ThinkPrune 1333 48.19 76.80 2157 37.15 40.61 677 682
Short-RL 16.67 50.60 78.60 30.52 38.19 42.92 660 670

SimpleRL-Reason

Standard 13.33 48.19 77.00 3272 39.97 4224 703 791
Kimi (post) 16.67 48.19 77.40 31.99 39.67 4278 703 601
Efficient 6.67 38.55 64.8 22.06 28.68 32.15 492 532
ThinkPrune 10.00 46.99 69.40 31.62 37.30 39.06 613 598
Short-RL. 20.00 49.40 78.20 3272 39.23 4391 554 620

Table 2: Math reasoning evaluation. “Training (step-
avg)” proxies training-time rollout token cost; “Infer-
ence (final)” is the final-checkpoint response length.

4.2.2 Math Reasoning: Cost Savings Without
Sacrificing Accuracy

We next turn to math reasoning to test robustness
across three different RL pipelines and evaluation
suites. Table 2 shows that Short-RL yields consis-
tent reductions in Training (step-avg) length while
preserving (and occasionally improving) average
accuracy. Relative to Standard RL, Short-RL re-
duces Training (step-avg) length by 33%, 11%,
and 21% on DeepScaleR, Open-Reasoner-Zero,
and SimpleRL-Reason, respectively. Efficient and
ThinkPrune typically shorten outputs more aggres-
sively but exhibit clearer accuracy—length trade-
offs. Similar to logic reasoning, Kimi (post) can
reduce Inference (final) length but does not reduce
training-time rollout cost because its first-stage RL
is unchanged.

We further inspect training dynamics in Figure 4:
after competence stabilizes, the length control rate
increases and the rollout length decreases, confirm-
ing that the savings in Training (step-avg) length
come from on-policy shortening rather than post-
hoc compression.

4.3 Training Dynamics: When Does the Lazy
Length Penalty Activate?

The main results above emphasize that Short-RL
reduces Training (step-avg) length—and therefore
training-time rollout token cost—which is funda-
mentally different from post-RL shortening (e.g.,
Kimi (post)) that cannot reduce tokens already
spent in the initial RL stage. We now make this dif-
ference explicit by analyzing when the lazy length
penalty is activated during training. This analysis
directly reflects the behavior of STABLESWITCH
(stability-gated activation) and SLACKBAND (pe-
nalize only excess length): early training should
prioritize exploration and competence acquisition,

while shortening should take effect only after the
policy becomes reliably correct.

Length control rate. To quantify how frequently
length shaping is applied, we introduce a batch-
wise metric called length control rate ~;. For each
batch, let N be the number of correct responses
(i.e., number of samples with ¢; = 1). Among
them, let R be the number of correct responses
that receive a strict length penalty, i.e., those with
Rien(i) < 0.5. Since Rjen(i) < 0.5 occurs ex-
actly when a correct trajectory exceeds the toler-
ance band (SLACKBAND), ~; measures the fraction
of correct trajectories that are actively shortened.
We define:

—1, ifacc < acCmax — Tace,

=140, ifN=0, “)
%, otherwise.
Here, v; = —1 indicates that STABLESWITCH dis-

ables the length penalty due to unstable accuracy;
v € [0, 1] indicates that the penalty is enabled and
quantifies its active rate on correct rollouts.

From stable accuracy to shorter rollouts. Fig-
ure 4 tracks ~y; and the average response length
during training. We observe a consistent pattern: in
early training, +; is frequently —1, meaning that the
length penalty is intentionally inactive while the
model is still learning to solve the task. As train-
ing progresses and batch accuracy stabilizes, STA-
BLESWITCH enables length shaping (; > 0), and
a non-trivial fraction of correct trajectories are pe-
nalized for exceeding the tolerance band (v; > 0).
This coincides with a clear reduction in average
rollout length, explaining why Short-RL reduces
Training (step-avg) length and thus training cost.

Why on-policy matters. This behavior contrasts
with post-RL shortening: because Short-RL ap-
plies the penalty during the main RL stage (but
only after the policy is “right” and stable), it re-
duces rollout tokens for subsequent updates, align-
ing with the practical role of truncating over-
long trajectories in standard RL. In DeepScaleR,
we observe a higher length control rate, indicat-
ing that more correct trajectories exceed the tol-
erance band once competence stabilizes, which
leads to stronger training-time savings. Curves for
SimpleRL-Reason and Open-Reasoner-Zero are
provided in Appendix Track the Length Reward.
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Figure 4: Tracking the lazy length penalty during train-
ing. We plot the length control rate v; and the aver-
age response length over training steps. y; = —1 in-
dicates that STABLESWITCH disables length shaping;
v € [0, 1] measures the fraction of correct trajectories
that are penalized for exceeding the tolerance band.

5 Ablation Study

This section validates two questions: (i) which
components are necessary for safe on-policy short-
ening, and (ii) how sensitive Short-RL is to the
two key tolerances that control SLACKBAND and
STABLESWITCH. Unless stated otherwise, all abla-
tions are conducted on the Logic-RL training setup
and evaluated on the ppl5 validation protocol used
by Logic-RL. We fix the length-reward weight to
a = 1 throughout to isolate the effects of the gating
mechanisms.

5.1 Component Ablation: Which Gates
Matter?

Recall that Short-RL implements a lazy length
penalty via three gates: RIGHTGATE (correctness
gating), SLACKBAND (tolerance band), and STA-
BLESWITCH (stability-triggered activation). We
ablate these components by progressively adding
them on top of Standard RL:

* D1 (RIGHTGATE): apply length shaping only
on correct trajectories.

* D1+D2 (RIGHTGATE+SLACKBAND): addi-
tionally penalize only excess length beyond the
tolerance band.

¢ D14+D3 (RIGHTGATE+STABLESWITCH): ad-
ditionally activate length shaping only when
accuracy is stable.

* Short-RL: full method with all three gates.

For reference, we also include Standard (no length
shaping) and Kimi (direct length reward without
lazy gating).

Figure 5 illustrates the training curves for re-
sponse length and validation accuracy. The re-
sults align with our design principle that auxiliary-
trajectory regularization should be lazy. First, Stan-
dard RL produces increasingly long trajectories
(Figure 5a), reflecting the well-known tendency of
LRMs to lengthen reasoning during on-policy train-
ing. Second, the direct Kimi reward collapses tra-
jectories to very short outputs early, a signature of
reward hacking that harms exploration and yields
unstable accuracy (Figure 5b).

In contrast, the proposed gates yield progres-
sively safer shortening. D1 already prevents penal-
izing incorrect exploratory rollouts and therefore
avoids the most aggressive collapse. Adding Slack-
Band (D1+D2) further stabilizes behavior by avoid-
ing over-optimization once the model reaches an
acceptable concise region. Adding StableSwitch
(D1+D3) improves robustness by turning off length
pressure when accuracy dips, preventing length op-
timization from competing with competence ac-
quisition. Finally, Short-RL combines both safe-
guards and achieves the best overall trade-off: it
shortens trajectories without collapse and attains
the highest validation accuracy.

Remark on evaluation protocol. Following
Logic-RL practice, the ppl5 set here is used as
a validation set for tracking curves and may differ
from the final evaluation split used in Table 1. This
does not affect the qualitative conclusions of the
ablation.

5.2 Sensitivity: Length Tolerance vs.
Accuracy Tolerance

We next study sensitivity to the two hyperparame-
ters that implement the “What” and “When” as-
pects of laziness: the length tolerance 7; (for
SLACKBAND) and the accuracy tolerance 7, (for
STABLESWITCH). Figure 6 summarizes the result-
ing average accuracy and step-averaged response
length (both averaged over the ppl tasks).

Varying the length tolerance 7; (SLACKBAND).
We vary 7, € {0,100,200,300} while fixing
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Figure 5: Component ablation on Logic-RL. Standard
RL yields long trajectories; direct Kimi shaping col-
lapses length early. Adding lazy gates progressively
stabilizes shortening, and Short-RL achieves the best
accuracy—length trade-off.

Tace = 0.05. When 7; = 0, the method degen-
erates toward a strict linear preference for the short-
est correct trajectory, which yields the shortest
responses but degrades performance—consistent
with our claim that overly aggressive length pres-
sure can suppress useful reasoning steps. For
71 € {100,200, 300}, performance remains stable
while response length increases moderately with
7;. Overall, the method is not overly sensitive to
71, and 7; = 200 provides a strong balance in this
setting.

Varying the accuracy tolerance Ty
(STABLESWITCH). We vary  Taec S
{0,0.05,0.10,1.0} while fixing 7, = 200.

This parameter directly controls how early and
how frequently length shaping is activated. Larger
Tacc Makes activation denser (closer to always-on),
which yields shorter trajectories but can degrade
accuracy by reintroducing the early-training con-
flict between length optimization and competence
acquisition. In contrast, 7,.c ~ 0.05 provides
a stable and effective operating point, enabling
shortening primarily after training becomes
sufficiently stable.
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Figure 6: Sensitivity to length tolerance 7; (upper x-axis)
and accuracy tolerance 7, (lower x-axis). Smaller 7;
or larger 7, increases shortening pressure, which can
harm accuracy if overly aggressive.

6 Conclusion

We study how to shorten reasoning trajectories in
long reasoning models during on-policy rule-based
RL, where rollout tokens dominate both training
cost and learning dynamics. Our key perspective is
that response length is an auxiliary trajectory prop-
erty: correctness defines success, while brevity is a
preference among successful trajectories. This mo-
tivates Short-RL, a lazy length penalty that shortens
after the model is right—it applies length shaping
only on correct trajectories (RIGHTGATE), only
penalizes excess length beyond a tolerance band
(SLACKBAND), and activates only when training
accuracy is stable (STABLESWITCH).

Across logic reasoning and three math RL
pipelines, Short-RL consistently reduces Training
(step-avg) response length (a proxy for training-
time rollout token cost) while maintaining or im-
proving accuracy. Compared with post-RL short-
ening (e.g., Kimi (post)), our on-policy design re-
duces not only inference length but also the token
cost incurred during RL training.

7 Limitations

Scope of applicability. Short-RL targets settings
where the model produces an explicit multi-step
reasoning trajectory and correctness can be reli-



ably assessed with a rule-based signal (e.g., math
and logic). In such tasks, excessive length often
reflects redundancy, making trajectory shortening
both meaningful and measurable. For open-ended
generation tasks (e.g., creative writing or dialogue),
there may be no clear notion of “correct” answers
or minimal-length successful trajectories; in these
cases, imposing a length preference can be mis-
aligned with the objective or reduce desirable stylis-
tic variation.

Dependence on reward reliability. Our lazy
gates rely on a reasonably accurate correctness sig-
nal (¢;) to determine which trajectories are eligi-
ble for length shaping. If the rule-based reward
is noisy or can be exploited, the system may ap-
ply length pressure to trajectories that are not truly
correct, potentially biasing learning. While this
concern is shared by many rule-based RL pipelines,
it becomes more salient when auxiliary trajectory
shaping is introduced.
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A Appendix

A.1 Additional Experiments
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Figure 7: Visualization of the length control rate during
training.

A.1.1 Track the Length Reward

We also track the metric defined in Section Training
Dynamics: When Does the Lazy Length Penalty
Activate? in Figure 7 (Open-Reasoner-Zero and
SimpleRL-Reason).

A.2 Training Details

Our experiments were conducted using a compute
node equipped with 8 NVIDIA H100 GPUs. The
CUDA version we use is 12.3.

(@)

(b)

Figure 8: The prompt template for Logic-RL and Math-
RL.

A.2.1 Logic-RL Training and Evaluation
Details

The training and evaluation prompt template (Fig-
ure 8a) used in Logic-RL remains the same as in
the original GitHub project. The training hyperpa-
rameters are listed in Table 3. During evaluation,
we directly use the code from Logic-RL, which ap-
plies a temperature of 1.0 and top_p=1.0 for logic
tasks, and a temperature of 0.8 with top_p=0.95 for
math tasks.

A.2.2 Training and Evaluation Details for
Math

The training and evaluation prompt template for
three math settings is shown in Figure 8b. The
training hyperparameters are listed in Table 3. Dur-
ing evaluation, we directly use the code from Deep-
ScaleR, which employs a temperature of 1.0.

A.2.3 Reward Details

In all the math experiments, the standard task re-
ward employs a format and outcome-based scheme:

3, format correct and answer correct
—0.5,
—3,

Riask = format correct and answer wrong

format wrong.

®
In Logic-RL experiments, we directly use their
original standard reward design.
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Setting Logic-RL DeepScaleR Open-Reasoner-Zero SimpleRL-Reason

learning rate le-6 le-6 Se-7 Se-7
batch size 8 128 64 16
ppo_mini_batch_size 32 64 256 64
ppo_micro_batch_size 8 32 64 2
rollout_n 8 8 8 8
temperature 0.7 0.6 1.0 1.0
kl_loss_coef 0.001 0.001 0.001 0.0001
epochs 3 3 1 3
max_response_length 4096 8192 4096 8192
algorithm reinforce++ grpo grpo erpo
7 200 100 100 50
Tace 0.05 0.05 0.02 0.05
e 1 1 1 1
Model Qwen2.5-7B DeepSeek Distill Qwen-1.5B Qwen2.5-7B Qwen2.5-7B

Table 3: Training details.
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