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Abstract

Large language models achieve remarkable per-
formance via extended chain-of-thought (CoT)
reasoning, yet this lengthy process incurs sub-
stantial inference overhead. Existing CoT com-
pression methods struggle with inflexible man-
ual length budgets, computationally expensive
multi-stage training pipelines, and fragile scal-
ability restricted to small models. We pro-
pose HMPO (Hybrid Median-length Policy
Optimization), a cost-effective, single-stage re-
inforcement learning framework. HMPO effi-
ciently compresses CoT via three synergistic
components: an adaptive median-based budget
derived from successful rollouts to eliminate
manual tuning, a cosine-decay token reward
for smooth length penalization, and a multi-
plicative reward formulation that substantially
mitigates trivial reward hacking by strictly pri-
oritizing answer correctness. Trained exclu-
sively on mathematical data, HMPO transfers
effectively across math, code, science, and
instruction-following tasks. Extensive exper-
iments scaling from 9B to 122B parameters
across dense and Mixture-of-Experts (MoE) ar-
chitectures demonstrate that HMPO achieves
19%–46% token compression with negligi-
ble accuracy degradation, all while drastically
reducing training costs compared to existing
multi-stage baselines. Our code and model is
available at this URL.1

1 Introduction

Despite recent progress, existing CoT compression
approaches share three critical limitations: (1) In-
flexible constraints and domain specificity: Meth-
ods rely on manually tuned length budgets (Wu
et al., 2026; Lyu et al., 2025) or rigid binary “think
or skip” decisions (Zhang et al., 2025), limiting
evaluations mostly to narrow mathematical do-

*Equal contribution.
†Corresponding author.
1Hugging Face checkpoints: 9B, 35B-A3B, 122B-A10B.

Figure 1: Comparison of training pipelines. Unlike
vanilla multi-stage methods (a) that require data dis-
tillation and SFT warm-ups, our HMPO (b) achieves
compression in a single RL stage, reducing GPU hours
by 1.5×–2.5×.

mains. (2) Prohibitive training costs: Achiev-
ing effective compression typically requires com-
putationally expensive pipelines, such as progres-
sive multi-stage pruning (Hou et al., 2025), data
distillation with Supervised Fine-Tuning (SFT)
warm-ups (Fang et al., 2026), or massive pre-
sampling (Luo et al., 2025). (3) Fragile scalability:
Current evaluations are restricted to small dense
models (≤ 32B) (Fan et al., 2026), leaving applica-
bility to state-of-the-art large-scale and Mixture-of-
Experts (MoE) architectures unverified.

To address these limitations, we propose HMPO
(Hybrid Median-length Policy Optimization), a
cost-effective, single-stage reinforcement learning
framework (Figure 1). Built upon Group Relative
Policy Optimization (GRPO) (Shao et al., 2024),
HMPO elegantly compresses CoT through three
synergistic components: (1) an adaptive median-
based budget that dynamically targets the median
length of correct rollouts, implicitly forming a self-
tightening curriculum without manual tuning; (2) a
cosine-decay token reward applied exclusively to
successful trajectories, providing a “soft landing”
penalty that compresses lengths while preserving
necessary reasoning steps; and (3) a multiplica-
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tive reward formulation (R = Racc · Rtoken) that
enforces a strict “correctness-first, length-second”
hierarchy, mathematically inoculating the training
against reward hacking by denying efficiency gra-
dients to incorrect responses.

As illustrated in Figure 1, by eliminating dis-
tillation and SFT phases, HMPO reduces training
GPU hours by 1.5×–2.5× over multi-stage base-
lines. Crucially, it unlocks massive inference token
savings. Trained solely on math data, HMPO trans-
fers effectively across math, code, science, and
instruction-following tasks. Scaling from 9B to
122B parameters across dense and MoE architec-
tures, it achieves 19%–46% token compression
with negligible accuracy degradation. Our main
contributions are:

• Methodological Innovation: HMPO intro-
duces adaptive correct-median budgeting, co-
sine reward shaping, and multiplicative re-
ward factorization, jointly resolving the bud-
get rigidity, penalty aggressiveness, and re-
ward hacking vulnerabilities of prior RL-
based compression methods.

• Cross-domain Generalization: We present
the most extensive CoT compression evalua-
tion to date, validating HMPO across 9B to
122B dense and MoE models, demonstrating
robust cross-domain generalization despite
math-only training.

• Unprecedented Scalability to 100B+ Mod-
els: We present the first successful CoT
compression on massive MoE architectures.
On the state-of-the-art 122B model, HMPO
achieves highly compact reasoning while
maintaining near-perfect accuracy parity. This
enables our models to perform competi-
tively against substantially larger models—
matching or outperforming frontier models
of much larger activated scales (e.g., 700B+
MoEs) with drastically fewer tokens.

2 Related Work

Efficient Chain-of-Thought Reasoning. While
Chain-of-Thought (CoT) (Wei et al., 2022) equips
reasoning models like OpenAI o1 (Jaech et al.,
2024) and DeepSeek-R1 (Guo et al., 2025) with
advanced capabilities, it often induces severe in-
ference latency via “overthinking” (Chen et al.,
2025; Sui et al., 2025). To mitigate this, recent
efficient reasoning approaches explore supervised

fine-tuning on compressed data (Munkhbat et al.,
2025; Kang et al., 2025; Xia et al., 2025), post-hoc
pruning (Zeng et al., 2025), and length-aware rein-
forcement learning (Aggarwal and Welleck, 2025;
Yeo et al., 2025).

CoT Compression via RL and Adaptive Rea-
soning. The most closely related works fall into
length-aware RL, iterative pruning, and adaptive
reasoning. Length-aware RL methods (Aggarwal
and Welleck, 2025; Lyu et al., 2025; Han et al.,
2025; Arora and Zanette, 2026) incorporate ex-
plicit length penalties but strictly rely on manually
predefined or statically estimated token budgets.
Iterative pruning methods (Hou et al., 2025; Luo
et al., 2025) and adaptive “think-or-skip” frame-
works such as AdaptThink (Zhang et al., 2025) and
Thinkless (Fang et al., 2026) conditionally reduce
CoT length but necessitate computationally pro-
hibitive multi-stage pipelines or data distillation.
In contrast, HMPO integrates fine-grained length
shaping into a single RL stage, replacing manual
constraints with an on-policy adaptive median bud-
get.

3 Method

As illustrated in Figure 2, our proposed HMPO
builds upon GRPO (Shao et al., 2024) by dynami-
cally deriving a group-adaptive budget b from the
median length of correct rollouts and applying a
length-aware token reward.

3.1 Preliminaries

For each query (q, a) ∼ D, the policy πθ generates
a response o = (o1, . . . , o|o|) of |o| tokens. Fol-
lowing GRPO, we sample G rollouts {oi}Gi=1 from
the old policy πθold(· | q) to optimize the clipped
surrogate objective:

JGRPO(θ) = E(q,a)∼D


 1

G

G∑

i=1

1

|oi|

|oi|∑

t=1

ℓi,t(θ)




(1)
where the token-level importance ratio si,t(θ) is
defined as:

si,t(θ) =
πθ(oi,t | q, oi,<t)

πθold(oi,t | q, oi,<t)
(2)

20419



Figure 2: Overview of HMPO. Left: For each query, the policy samples a group of rollouts (G). Right: Instead
of relying on a static threshold, HMPO dynamically derives an adaptive budget b from the median length of only
the correct rollouts to construct a smooth cosine-decay token reward. Bottom: The final reward is combined
multiplicatively to enforce a strict “correctness-first, length-second” objective, mathematically preventing reward
hacking (i.e., short but incorrect answers strictly receive zero reward).

and the token-level surrogate loss ℓi,t(θ) is split
across lines to fit the column width:

ℓi,t(θ) = min
(
si,t(θ)Ai,

clip
(
si,t(θ), 1− ϵ, 1 + ϵ

)
Ai

)

(3)
The group-relative advantage Ai for each rollout oi
is computed as:

Ai =
Ri − mean({Rj}Gj=1)

std({Rj}Gj=1) + ε
(4)

where Ri denotes the rollout-level reward for sam-
ple oi, and ε is a small constant added for numerical
stability.

Standard GRPO rewards focus on answer cor-
rectness. To mitigate the high inference costs of
lengthy CoT, we must additionally optimize for rea-
soning efficiency. However, penalizing verbosity
without degrading accuracy requires establishing
an appropriate token budget. Therefore, our core
modification to GRPO lies in redesigning the roll-
out reward Ri to jointly enforce this budget-aware
efficiency and answer correctness. where Ri is the
rollout-level reward for sample oi.

3.2 Adaptive Budget Estimation
In RL-based CoT compression, efficiency is typi-
cally achieved by incorporating length-penalizing
rewards, which fundamentally rely on defining a
target token budget (Lyu et al., 2025; Hou et al.,
2025; Wu et al., 2026). However, establishing an
appropriate budget remains a critical challenge. Ex-
isting paradigms typically resort to either a dataset-
wide static budget, which fails to accommodate
varying problem complexities, or prior rollout-
based estimation, which incurs prohibitive compu-
tational overhead and tightly couples the algorithm
to pre-computed data.

To overcome these bottlenecks, HMPO intro-
duces an adaptive median-length budget calcu-
lated dynamically from on-policy valid reasoning
traces. Let {oi}Gi=1 be the current rollout group
with respective token lengths ni = |oi|, and let
C ⊆ {1, . . . , G} denote the indices of rollouts that
yield the correct answer. The group-level budget b
is formally defined as the median length of these
successful attempts:

b = median({ni | i ∈ C}) (5)

This formulation is mathematically simple yet
highly effective. Statistically, computing the me-
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dian exclusively on correct rollouts isolates the
length signal from noisy, failed reasoning attempts
and provides strong robustness against the heavy-
tailed distribution of LLM generation. Dynami-
cally, it perfectly decouples the budget from data
preprocessing while enabling a difficulty-aware
constraint: complex queries intrinsically produce
longer correct rollouts, naturally relaxing the bud-
get, whereas simpler queries are subjected to tighter
constraints. Furthermore, as the policy learns to
reason more efficiently over time, b automatically
decreases, implicitly forming a self-tightening cur-
riculum without manual intervention.

3.3 Token-aware Reward Design
With the dynamic budget b in place, the remaining
question is how to incorporate it into the optimiza-
tion objective. A naive length penalty is prone to
reward hacking, where the model produces overly
short but incorrect responses to exploit the length
signal. To prevent this, we factorize the overall re-
ward into an accuracy term and a token-efficiency
term, enforcing a strict correctness-first, length-
second hierarchy.

Accuracy reward. Racc measures whether the
final prediction is correct. In our experiments, it is
assigned as 1 for correct and 0 for incorrect.

Token reward. To steer the policy toward
“correct-and-concise” behavior with minimal de-
viation from standard on-policy updates, we intro-
duce a length preference exclusively for successful
trajectories. Specifically, we define Rtoken to rein-
force correct rollouts whose length n is below the
adaptive budget b, applying a smooth cosine decay:

Rtoken =




min

(
1, cos

(
πn
2b

)
+ λ

)
, if correct and n < b,

0, otherwise,
(6)

where the reward is applied only to correct trajecto-
ries with n > 0; all incorrect or empty (n = 0) re-
sponses receive Rtoken = 0. The scalar λ controls
the magnitude of the length-induced gain. The co-
sine term guarantees a smooth, bounded preference:
shorter correct responses receive higher rewards,
with the signal decaying gently as n approaches b.
The min(1, ·) truncation ensures the reward does
not over-dominate the accuracy signal.

Final reward. We combine the accuracy and to-
ken efficiency signals multiplicatively:

Rfinal = Racc ·Rtoken (7)

Algorithm 1 HMPO Training
Require: Dataset D, policy πθ , old policy πθold , group size

G, penalty coefficient λ
1: while not converged do
2: Sample a batch of queries {q} ∼ D
3: for each query q do
4: Sample G rollouts {oi}Gi=1 ∼ πθold(· | q)
5: for i = 1 to G do
6: Compute length ni = |oi| and accuracy reward

R
(i)
acc

7: end for
8: Identify correct subset C = {i | R(i)

acc > 0}
9: if |C| > 0 then

10: Estimate adaptive budget b ← median({ni |
i ∈ C})

11: else
12: b←∞ {Fallback; Rfinal will be 0 regardless}
13: end if
14: for i = 1 to G do
15: Compute token reward R

(i)
token using Eq. 6

16: Compute final reward Ri ← R
(i)
acc ·R(i)

token
17: end for
18: Normalize {Ri}Gi=1 into advantages {Ai}Gi=1

19: end for
20: Update πθ using the GRPO objective in Eq. 1
21: end while

Consider four trajectory categories: correct-short,
correct-long, incorrect-short, incorrect-long. Un-
der this formulation, only correct-and-concise tra-
jectories receive high reward; incorrect and correct-
but-beyond-budget ones are zeroed out (Rfinal =
0). In contrast, additive combination (Racc +
Rtoken ∈ [0, 2]) still grants correct-but-long tra-
jectories a base reward of Racc = 1 regardless of
verbosity, making the optimization signal less di-
rect. The multiplicative form provides a sharper
target and reduces reward misalignment—this mo-
tivates our default choice.

3.4 Training Procedure
Algorithm 1 summarizes the overall HMPO train-
ing loop. For each input query, we sample a group
of responses from the old policy. Crucially, we
first compute the accuracy reward for each rollout
to identify the correct subset C. We then estimate
the adaptive budget b using the median length of
these valid traces. Finally, we calculate Rtoken and
the multiplicative Rfinal to construct normalized
advantages, which are subsequently plugged into
the GRPO objective for policy optimization.

4 Experiments

4.1 Experimental Setup
Models, Datasets, and Baselines. To evaluate
scalability across architectures and model sizes,
we utilize Qwen3.5-9B (Qwen Team, 2026) as our
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dense model, alongside Qwen3.5-35B-A3B (Qwen
Team, 2026) and Qwen3.5-122B-A10B (Qwen
Team, 2026) as Mixture-of-Experts (MoE) mod-
els. We train on 6.9K challenging instances (lev-
els 5–9) sampled from DeepMath-103K (He et al.,
2025). We compare HMPO against the original
Base Models and four CoT compression base-
lines: AdaptThink (Zhang et al., 2025) (con-
strained binary mode selection), Thinkless (Fang
et al., 2026) (two-stage SFT and decoupled RL),
ThinkPrune (Hou et al., 2025) (multi-round itera-
tive length pruning), and Art (Wu et al., 2026) (RL
with manually-tuned static target budget). To en-
sure fair comparisons, all baselines are rigorously
reproduced using their original training pipelines
and hyperparameters. Detailed reproduction proce-
dures for all baselines are provided in Appendix B.

Evaluation Metrics. We evaluate cross-domain
performance on five benchmarks: AIME
2025 (Zhang and Math-AI, 2025) and AIME
2026 (Zhang and Math-AI, 2026) (math),
GPQA-Diamond (Rein et al., 2023) (science),
IFEval (Zhou et al., 2023) (instruction following),
and LiveCodeBench-V6 (Jain et al., 2025) (code).
For each benchmark, we report accuracy (Acc),
average token length (Len), and per-benchmark
compression ratio (ρ). We also report the overall
cross-benchmark compression ratio ρ̄, defined as:

ρ̄ =

∑5
i=1 Len(i)base −

∑5
i=1 Len(i)method∑5

i=1 Len(i)base

. (8)

To maximally preserve the models’ inherent ca-
pabilities and ensure robust performance under
token compression, inference is conducted via
SGLang (Zheng et al., 2024) using official rec-
ommended settings (temperature 1.0, top-p=0.95,
top-k=20) and a full 256K maximum context limit.
To reduce variance, every benchmark is evaluated
four times.

Implementation Details. We implement HMPO
using the VERL framework (Sheng et al., 2025),
sampling G=10 rollouts per prompt with λ=0.8.
Training converges within 40–60 steps, reaching
the optimal accuracy-compression trade-off around
steps 16–24. Full hyperparameters and infrastruc-
ture details are deferred to Appendix A.

4.2 Main Results
Table 1 presents the overall comparison across
three Qwen3.5-series models. Detailed metric lay-

outs are described in the table caption. Due to pro-
hibitive computational costs, at the 122B configura-
tion we only reproduce Art and omit the remaining
baselines.

HMPO achieves the best accuracy-compression
trade-off. HMPO consistently delivers substan-
tial compression while preserving Base Model ac-
curacy. On Qwen3.5-9B, HMPO nearly halves
output tokens (ρ̄=46%) with a negligible 0.02 per-
centage points(pp) average accuracy drop. On
Qwen3.5-35B-A3B, it compresses 42% while
maintaining 85.52% average accuracy, even im-
proving IFEval (94.09% vs. 92.79%). In contrast,
ThinkPrune achieves higher compression (64–72%)
but suffers severe accuracy degradation (11–22pp
AIME drops). Thinkless exhibits catastrophic fail-
ure on 9B (<15% accuracy), likely due to SFT-
induced mode collapse during the subsequent RL
phase. AdaptThink provides marginal gains but
surprisingly inflates 35B IFEval lengths by 33%.
Compared with Art, which shares HMPO’s single-
stage GRPO paradigm but relies on a manually-
tuned static target budget, HMPO achieves consis-
tently larger compression across all three scales
at comparable or better accuracy, suggesting that
the on-policy adaptive median budget contributes
meaningfully beyond the shared GRPO backbone.
Thus, HMPO uniquely occupies the Pareto fron-
tier where both accuracy and efficiency are jointly
optimized.

Consistent in-domain retention and out-of-
domain generalization. Trained solely on math
data, HMPO transfers its concise reasoning pat-
terns to a broad set of downstream tasks. On
in-domain AIME 2025/2026, it secures 23–
37% compression, even boosting 122B accu-
racy on AIME 2025 (89.58%→90.21%). Cru-
cially, on out-of-domain tasks, HMPO achieves
16–61% compression with accuracy parity on
LiveCodeBench(LCB)-V6 (e.g., exactly match-
ing the 35B Base Model’s 73.66% while cutting
outputs by 49%). It further yields 17–34% com-
pression on GPQA-Diamond without accuracy
loss, and 16–61% reduction on IFEval while main-
taining or improving accuracy. This indicates that
HMPO transfers robustly without task-specific tun-
ing. Compression case studies are presented in
Appendix E.

Robustness across model scales and architec-
tures. HMPO remains effective scaling from 9B
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Table 1: Main results on three Qwen3.5-series model configurations. Each method occupies two rows: accuracy
(Acc, %) and output token length (Len). Green/red annotations indicate improvement/degradation relative to the
Base Model. The Avg column shows average accuracy and average length (with overall compression ratio ρ̄). Bold:
HMPO results in the Avg column. †: baselines other than Art not reproduced due to training cost.

Method AIME’25 AIME’26 LCB-V6 GPQA IFEval Avg.

Qwen3.5-9B

Base Model Acc 85.21 89.90 65.60 81.57 91.82 82.82
Len 24,947 24,871 49,227 10,586 5,692 23,065

AdaptThink Acc 81.25 87.29 66.79 82.58 92.42 82.07 -0.75
Len 19,797 -21% 20,548 -17% 35,577 -28% 8,366 -21% 4,468 -22% 17,751 -23%

Thinkless Acc 13.75 8.33 8.78 1.26 20.24 10.47 -72.35
Len 560 -98% 604 -98% 604 -99% 548 -95% 1,239 -78% 711 -97%

ThinkPrune Acc 73.75 77.71 56.11 80.81 89.65 75.61 -7.21
Len 12,171 -51% 10,586 -57% 12,592 -74% 4,484 -58% 2,071 -64% 8,381 -64%

Art Acc 83.34 87.60 63.48 81.05 91.82 81.46 -1.36
Len 18,834 -25% 18,167 -27% 27,241 -45% 8,226 -22% 4,301 -24% 15,354 -33%

HMPO Acc 84.58 89.79 65.27 82.32 92.05 82.80 -0.02
Len 17,087 -32% 15,564 -37% 19,283 -61% 6,934 -34% 3,366 -41% 12,447 -46%

Qwen3.5-35B-A3B

Base Model Acc 89.58 91.87 73.66 83.08 92.79 86.20
Len 18,900 19,920 31,024 7,107 7,365 16,863

AdaptThink Acc 86.67 86.25 68.70 84.09 92.33 83.61 -2.59
Len 12,897 -32% 13,470 -32% 25,851 -17% 6,708 -6% 9,761 +33% 13,737 -19%

Thinkless Acc 60.42 67.92 52.29 77.27 69.13 65.41 -20.79
Len 7,672 -59% 7,433 -63% 9,343 -70% 4,345 -39% 2,713 -63% 6,301 -63%

ThinkPrune Acc 67.71 78.54 60.31 81.57 92.98 76.22 -9.98
Len 5,798 -69% 5,295 -73% 7,815 -75% 2,806 -61% 1,664 -77% 4,676 -72%

Art Acc 87.95 91.13 72.28 82.63 91.81 85.16 -1.04
Len 15,334 -19% 14,983 -25% 20,025 -35% 5,856 -18% 4,366 -41% 12,113 -28%

HMPO Acc 86.46 90.83 73.66 82.58 94.09 85.52 -0.68
Len 12,454 -34% 12,457 -37% 15,762 -49% 4,981 -30% 2,836 -61% 9,698 -42%

Qwen3.5-122B-A10B†

Base Model Acc 89.58 92.71 78.90 86.60 93.40 88.24
Len 17,666 17,072 23,774 6,871 4,016 13,880

Art Acc 90.45 91.96 78.54 85.51 93.20 87.93 -0.31
Len 15,389 -13% 15,151 -11% 21,492 -10% 6,256 -9% 3,970 -1% 12,452 -10%

HMPO Acc 90.21 92.50 79.01 85.61 93.35 88.14 -0.10
Len 13,675 -23% 13,136 -23% 20,077 -16% 5,671 -17% 3,377 -16% 11,187 -19%

dense to 122B MoE models. On the 122B model, it
yields 19% compression with a mere 0.10pp aver-
age accuracy degradation. Crucially, HMPO re-
quires no hyperparameter tuning: the identical
λ=0.8 setting works across all scales. By auto-
matically calibrating compression pressure via the
adaptive median budget, HMPO serves as a highly
practical, drop-in optimization for deployment.

Token efficiency vs. frontier models. To con-
textualize HMPO’s practical value, Figure 3 plots
accuracy versus average tokens per trajectory on
AIME 2026. First, compared to its unoptimized

base model, HMPO-Qwen3.5-122B-A10B slashes
average token consumption by 23% (17.1K →
13.1K) with a negligible 0.21% accuracy variance
(92.71% vs. 92.50%). Beyond self-improvement,
HMPO fundamentally reshapes the Pareto frontier
against substantially larger frontier models. It deci-
sively outperforms Nemotron-3-Super-120B-A12B
(89.90% at 13.4K) and delivers performance highly
competitive with massive models like Kimi-K2.5-
1T-A32B (93.30% at 16.6K). This demonstrates
that HMPO enables reasoning models to punch
significantly above their weight class, delivering
top-tier mathematical performance at a fraction of
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Figure 3: Token efficiency on AIME 2026. Each point
represents a model’s accuracy vs. average tokens per
trajectory (input + output). Upper-left is better. HMPO-
trained models (stars) achieve competitive or superior
accuracy with significantly fewer tokens than frontier
models of much larger activated scale.

the frontier inference cost.

4.3 Ablation Study

We ablate HMPO’s components on Qwen3.5-9B
(Table 2, Figure 4). Note on Validation: We mon-
itor dynamics on AIME 2024. Since early-step
outputs often exceed the 24K limit and truncate,
initial accuracy is artificially deflated. As com-
pression progresses, truncation ceases, revealing
genuine accuracy before over-compression causes
degradation. Thus, we emphasize relative conver-
gence trends over absolute peaks.

Table 2: Ablation study on Qwen3.5-9B, evaluated on
all five benchmarks. We vary one component at a time
from the default. All variants at step 16 except fixed-
budget (step 40, due to slower convergence).

Variant Avg Acc (%) ρ̄ (%)

Default (λ=0.8, med., mult.) 82.80 46.0

Compression strength
λ=0.4, med., mult. 79.79 41.6
λ=1.0, med., mult. 81.15 42.5

Budget strategy
λ=1.0, fixed 12K, mult. 82.12 12.4

Reward composition
λ=0.8, med., additive 80.83 41.7

Adaptive median budget vs. fixed budget. We
compare our adaptive median against a meticu-
lously calibrated fixed budget (b=12K, set at 75%
of the Base Model’s ∼16K mean training-time
response length, with λ=1.0). As shown in Fig-

ure 4(a), the fixed budget fails to drive meaning-
ful compression (stalling at ∼14K), as many re-
sponses already satisfy the threshold and receive
no optimization signal. Conversely, the adaptive
median dynamically self-calibrates to the batch’s
length distribution, forming a robust self-tightening
curriculum that continuously compresses outputs
(16K → 4K). This avoids the sluggish conver-
gence or premature collapse inherent to static man-
ual tuning.

Multiplicative vs. additive reward. Under iden-
tical settings (λ=0.8, median budget), both multi-
plicative and additive formulations achieve compa-
rable compression trajectories (Figure 4(a) and (b)).
The accuracy curves (Figure 4(c)) also follow sim-
ilar trends, though the multiplicative variant ex-
hibits slightly less oscillation and achieves mod-
estly higher final performance (82.80% vs. 80.83%
in Table 2). We attribute this to the tighter objec-
tive coupling: the multiplicative form exclusively
rewards the desired correct-and-concise category,
whereas additive combination permits correct-but-
verbose trajectories to accumulate positive reward,
introducing noise into the optimization landscape.

Effect of λ. We compare λ ∈ {0.4, 0.8, 1.0} (all
with median budget, multiplicative reward). As
shown in Figure 4(a), all three produce nearly iden-
tical compression in the first 10 steps, after which
higher λ drives faster length reduction. In accu-
racy (Figure 4(c)), λ=0.8 peaks earliest (step 20,
∼75%) while λ=1.0 and λ=0.4 peak later (step
24 and step 32, at ∼70–72%) with more oscilla-
tion. The slightly lower peak of λ=0.4 reflects its
weaker compression pressure, causing the model to
converge more slowly; λ=1.0 compresses aggres-
sively but sacrifices some accuracy headroom. We
adopt λ=0.8 as a balanced default that achieves
the highest accuracy at a moderate compression
rate. More ablation experiments can be found in
Appendix C.

4.4 Analysis
Training dynamics and checkpoint selection.
We use AIME 2024 to monitor training progress.
As noted in §4.3, early-step validation accuracy
is artificially deflated by 24K training truncation.
However, we empirically find that the validation
compression ratio reliably predicts downstream test
compression. To further characterize this trade-off,
we evaluate every 4th checkpoint of HMPO on
Qwen3.5-9B using full-length inference on two
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Figure 4: Ablation training dynamics on Qwen3.5-9B. Five configurations are compared: varying λ (0.4, 0.8, 1.0),
budget strategy (median vs. fixed 12K), and reward composition (multiplicative vs. additive). The default (λ=0.8,
median, mult.) achieves the best accuracy-compression trade-off.
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Figure 5: Training dynamics of HMPO (adaptive me-
dian) on Qwen3.5-9B. Solid lines (left): accuracy on
AIME2025 and LiveCodeBench-V6, stable until step
16. Dashed lines (right): response length drops mono-
tonically (LiveCodeBench reduces 49K→19K by step
16). Dotted line: selected checkpoint.

representative benchmarks. As shown in Figure 5,
several key patterns emerge: (1) Graceful degra-
dation with a clear inflection point: Accuracy on
AIME2025 (red solid line) remains stable through
step 16 (85.21%→84.58%), then drops sharply be-
yond step 20 as essential reasoning steps are exces-
sively pruned. (2) Disproportionate compression
on verbose tasks: LiveCodeBench output length
(blue dashed line) plummets from 49K to 19K to-
kens (61% compression) by step 16 with negligible
accuracy loss (65.60% → 65.27%), suggesting
substantial redundancy in the Base Model’s code
reasoning. (3) Monotonic length decrease: Re-
sponse lengths (dashed lines, right axis) decrease
smoothly across both benchmarks, confirming that
the adaptive median budget forms a stable compres-
sion curriculum without sudden collapses. These
dynamics dictate our early-stopping strategy (typ-
ically around step 16–20), securing optimal com-
pression before accuracy degrades.
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Figure 6: Training cost (GPU·hours) comparison.
Stacked bars show main training (teal) and extra stages
such as SFT or data preprocessing (gold). HMPO (or-
ange) requires only a single-pass GRPO run with no
additional stages.

Training cost comparison with baselines. Fig-
ure 6 compares total GPU·hours for each method.
ThinkPrune requires 2.5× HMPO’s cost on 9B
(1000 vs. 400) due to multi-round iterative pruning.
Thinkless incurs 1.8× overhead from its SFT distil-
lation stage. AdaptThink has comparable RL cost
but adds significant data preprocessing time (96–
480 GPU·h). HMPO achieves competitive or supe-
rior compression in a single training pass with no
auxiliary stages, making it the most cost-effective
approach at both model scales.

5 Conclusion

In this paper, we introduced HMPO, a cost-
effective, single-stage reinforcement learning
framework designed to compress verbose Chain-
of-Thought (CoT) reasoning. By synergizing a
dynamic correct-median budget with a multiplica-
tive cosine-decay reward, HMPO eliminates the
need for tedious manual budget tuning and mathe-
matically inoculates the training process against
reward hacking. Extensive evaluations demon-
strate that HMPO achieves near-optimal accuracy-
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compression trade-offs. Trained exclusively on
mathematical data, the learned concise reasoning
patterns transfer robustly across diverse out-of-
domain tasks (code, science, instruction following)
and scale effectively from 9B dense models up to
122B MoE architectures. By completely removing
the reliance on computationally prohibitive multi-
stage pipelines, SFT warm-ups, and task-specific
tuning, HMPO provides a highly practical, drop-in
optimization strategy for the efficient real-world
deployment of advanced reasoning LLMs.

Limitations

While HMPO achieves consistent compression
with negligible accuracy loss across multiple bench-
marks and model scales, our study has several limi-
tations that we leave for future work.

Multi-turn reasoning. Our evaluation focuses
on single-turn reasoning settings, where the model
produces one self-contained chain-of-thought per
query. We do not study multi-turn scenarios such
as interactive problem solving, follow-up clarifi-
cation, or dialogue-based tutoring, in which rea-
soning unfolds progressively across turns and ear-
lier thoughts may be reused or revised. “Concise
reasoning” is more nuanced in such settings: the
model must avoid overthinking within each turn
while also avoiding redundant re-derivations across
turns. Extending HMPO to multi-turn reasoning,
e.g. by computing the adaptive budget over a turn-
aware aggregation of rollouts, is a promising direc-
tion we leave for future work.

Agentic tasks. A related but distinct setting con-
cerns agentic tasks, where the model interacts with
external tools or environments through tool calls,
observations, and intermediate state. We perform
only a preliminary investigation in such settings,
and the design of HMPO is not specifically tailored
to them. In agentic settings, reasoning length must
be balanced against tool-call planning, intermedi-
ate state tracking, and recovery from failed actions;
a budget that is appropriate for self-contained rea-
soning may be too tight for plans that legitimately
require longer deliberation. A systematic study of
HMPO under agentic workflows, including bud-
gets that are conditioned on tool usage or trajectory
phase, remains an important direction.
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Appendix

A Training Hyperparameters

Table 3 lists the shared training configuration across
all models. Table 4 details per-model parallelism
settings.
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Table 3: Shared HMPO training hyperparameters.

Hyperparameter Value

RL Algorithm
Base algorithm GRPO
Rollout group size G 10
Clip ratio ϵ (low / high) 0.2 / 0.28
Clip ratio c 10.0
KL coeff. (reward) 0.001
KL loss coeff. 0.001
KL loss type low-var KL
Entropy coeff. 0
Loss aggregation token-mean
Total epochs 1

HMPO Reward
Budget strategy adaptive median
λ 0.8
Composition multiplicative

Optimizer
Optimizer AdamW
Learning rate 5×10−7

Data
Training data DeepMath-103K (lv.5–9)
Samples 6.9K
Validation AIME’24 (30 problems.)
Max prompt 4,096 tok.

Checkpointing
Save / val freq. every 4 steps
Val samples 4 (do_sample)

Table 4: Per-model parallelism and batch settings.

9B 35B 122B

Nodes×GPUs 2×8 4×8 8×8
TP 2 1 1
PP 4 8 8
CP 1 1 1
EP 1 4 4
ETP 1 1 1
Gen TP 2 8 8
Max resp. 24K 24K 24K
Batch Size 64 64 64
PPO Mini Batch Size 16 16 16
Mem util. 0.6 0.6 0.6
Offload ✓ ✓ ✓
Precision bf16 bf16 bf16

35B & 122B MoE settings:
Attn. backend: auto
Recompute: uniform, full, 1 layer
MoE aux loss: 0.01; z-loss: 0.001

B Baseline Reproduction Details

We provide detailed notes on our reproduction of
each baseline method. All baselines are trained
using Megatron (for SFT stages) and VERL (for
RL stages) on their respective original training and
validation datasets, strictly following each paper’s
prescribed training procedure and the hyperparam-
eter configurations specified in their official open-
source codebases.

AdaptThink. AdaptThink relies on pre-
computed per-instance reference statistics from the
target model itself. Because reasoning behavior
(e.g.,chain-of-thought length and per-instance ac-
curacy) varies substantially across base models of
different sizes, these statistics must be re-computed

whenever the base model is changed. Specifically,
before training each target model, we sample
K=16 rollout responses per training instance and
compute per-instance mean accuracy, which serves
as the reward baseline during RL to normalize
advantages across problems of varying difficulty.

Another consequence of switching base models
is that their problem-solving capacity within a fixed
token budget differs: a smaller model may struggle
to produce correct answers within a tight no-think
budget, causing the no-think branch to yield near-
zero accuracy and thus preventing the policy from
learning meaningful think/no-think decisions. To
mitigate this, we adjust the no-think length budget
according to model capacity: we use 4K tokens
for Qwen3.5-9B, and increase it to 16K tokens for
Qwen3.5-35B-A3B. This calibration ensures that
the no-think branch remains a viable competing
trajectory during RL, so that the policy genuinely
learns when to skip extended reasoning rather than
being implicitly forced to think due to insufficient
generation length.

Thinkless. Thinkless employs a two-stage
pipeline: SFT distillation followed by Decoupled
GRPO. We observe that the SFT stage—which
trains the model on paired long/short responses
with control tokens (<think> and <short>)—
causes substantial degradation of the base model’s
reasoning capability, a limitation acknowledged in
the original paper.

In the subsequent RL stage (trained for over 100
steps), this degradation manifests as severe mode
collapse: on Qwen3.5-9B, the model converges al-
most entirely to short mode (<short>) within the
first 10 steps, while on Qwen3.5-35B-A3B it col-
lapses to think mode (<think>) within the same
window. We extensively explored the Decoupled
GRPO hyperparameters, including the control to-
ken update weight α ∈ {0.001, 0.01, 0.5} and the
reward coefficient γ ∈ {0.5, 0.8}, but were unable
to prevent the collapse under any configuration.
This underscores a fundamental limitation of the
approach: its reliance on high-quality SFT data
and sensitivity to RL-stage hyperparameters make
it fragile when applied to new base models.

ThinkPrune. ThinkPrune employs a multi-round
iterative RL procedure that progressively tightens
the maximum response length across stages (e.g.,
4K→3K→2K in the original paper). A critical de-
sign decision is checkpoint selection: the original
paper prescribes choosing the checkpoint with the
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shortest output length that maintains less than 10%
accuracy degradation on the validation set (evalu-
ated every 20 steps).

During reproduction, we encountered a prac-
tical challenge: when using the original paper’s
prescribed max_response_length values (4K, 3K,
2K), model outputs are almost always truncated at
these limits, causing validation accuracy to collapse
to near zero. This renders the checkpoint selection
criterion inapplicable, as no checkpoint satisfies
the <10% degradation threshold.

To resolve this, we decouple the train-
ing truncation from evaluation: we set
max_response_length to 32K during vali-
dation (to allow full-length generation for accurate
accuracy measurement), while retaining the
target length budget as a truncation threshold
only during training rollouts. This engineering
modification faithfully reproduces the intended
training dynamics while enabling meaningful
checkpoint selection.

Even with this fix, we find that ThinkPrune’s
stop criterion is difficult to satisfy precisely in
practice—the method tends to over-compress be-
fore the accuracy degradation signal becomes de-
tectable at the 20-step evaluation granularity, re-
sulting in checkpoints that have already crossed the
accuracy cliff. This observation indirectly validates
the advantage of HMPO’s continuous monitoring
approach (§4.4), which enables finer-grained early
stopping at the optimal accuracy-compression in-
flection point.

Art. Art is a single-stage GRPO method that
shapes response length via a static token-budget
reward with two manually-set length parameters:
a maximum output length LR and a target out-
put length LT . Because both parameters di-
rectly bound the reward-shaping window, their val-
ues must be re-tuned whenever the base model
changes, since the achievable competent generation
length varies substantially across scales. Follow-
ing this recipe, we set LR=LT=16K on Qwen3.5-
9B and LR=LT=12K on Qwen3.5-35B-A3B and
Qwen3.5-122B-A10B; all remaining training data
and hyperparameters strictly follow the official Art
codebase. Compared with HMPO, whose on-policy
correct-median budget is estimated per group at
every step, Art also requires substantially more
training steps before the length reward stabilizes:
in our runs, Art’s length loss typically begins to
converge only after ∼200 steps at all three scales,

whereas HMPO converges at a comparable or lower
step budget while achieving larger compression at
matched accuracy (see Table 1).

Prompt-based Baseline. To further isolate how
much of HMPO’s compression genuinely requires
reinforcement learning, we additionally consider
a training-free prompt-based baseline that steers
each base model toward more concise reasoning
purely at inference time, without any parameter up-
date. Concretely, we prepend the following system
prompt to every evaluation query while keeping all
decoding hyperparameters identical to those used
elsewhere in the paper: “Strictly follow all for-
matting and content requirements in the question.
Answer correctly and be concise.” We evaluate this
prompted baseline on all three scales (Qwen3.5-9B,
Qwen3.5-35B-A3B, Qwen3.5-122B-A10B) under
the same benchmark suite and protocol as Table 1.
Averaged across the five benchmarks, prompting
alone reduces output length by only 17.7% / 12.1%
/ 9.0% on 9B / 35B-A3B / 122B-A10B, whereas
HMPO delivers 44.2% / 40.6% / 26.4% compres-
sion under matched accuracy—roughly two to three
times the reduction achieved by prompting. This
confirms that the bulk of HMPO’s compression
comes from the RL-trained length-shaping mech-
anism itself and cannot be replicated by prompt
engineering on the same base model.

C Additional Ablation Studies

Effect of the budget quantile. To isolate the
effect of the median budget, we keep the rollout
group size fixed at the default G = 10 and compare
four budget strategies on Qwen3.5-9B: a carefully
tuned fixed budget b = 8K, the 25th percentile
(Q25), the median (Q50), and the 75th percentile
(Q75) of correct-rollout lengths. All other training
hyperparameters and checkpoint-selection proce-
dures remain unchanged. As shown in Table 5,
the fixed budget reduces the average output length
by only 19%, while decreasing average accuracy
from 82.82% to 81.91%. Both Q25 and Q75 pro-
duce approximately 47% compression, but reduce
average accuracy to 81.16% and 81.09%, respec-
tively. In comparison, the median budget achieves
46% compression while retaining an average ac-
curacy of 82.80%, only 0.02 percentage points be-
low the Base Model. Therefore, the median does
not merely maximize compression; it provides the
most favorable balance between compression pres-
sure and accuracy preservation among the evalu-
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Table 5: Comparison of budget strategies on Qwen3.5-9B with G = 10. Each method occupies two rows: accuracy
(Acc, %) and average output length (Len). The parenthetical value in the Avg. length column denotes the overall
compression ratio relative to the Base Model.

Budget Strategy Metric AIME’25 AIME’26 LCB-V6 GPQA IFEval Avg.

Base Model Acc 85.21 89.90 65.60 81.57 91.82 82.82
Len 24,947 24,871 49,227 10,586 5,692 23,065

Fixed b = 8K Acc 85.42 88.96 61.83 81.19 92.14 81.91
Len 22,278 21,786 35,253 9,640 4,633 18,718 −19%

Q25 budget Acc 81.67 86.46 63.74 82.07 91.87 81.16
Len 16,582 15,693 18,863 6,940 3,235 12,262 −47%

Q75 budget Acc 82.50 86.46 60.31 83.84 92.33 81.09
Len 16,061 15,437 19,316 6,995 3,269 12,216 −47%

Median (Q50, HMPO) Acc 84.58 89.79 65.27 82.32 92.05 82.80
Len 17,087 15,564 19,283 6,934 3,366 12,447 −46%

Table 6: Ablation of the rollout group size G on Qwen3.5-9B. Each setting occupies two rows: accuracy (Acc, %)
and average output length (Len). The parenthetical value in the Avg. length column denotes the overall compression
ratio relative to the Base Model.

Setting Metric AIME’25 AIME’26 LCB-V6 GPQA IFEval Avg.

Base Model Acc 85.21 89.90 65.60 81.57 91.82 82.82
Len 24,947 24,871 49,227 10,586 5,692 23,065

HMPO (G = 5) Acc 84.17 87.50 62.21 82.07 91.40 81.47
Len 17,973 17,390 21,557 7,749 3,994 13,733 −40%

HMPO (G = 10, default) Acc 84.58 89.79 65.27 82.32 92.05 82.80
Len 17,087 15,564 19,283 6,934 3,366 12,447 −46%

HMPO (G = 20) Acc 83.54 85.83 59.92 81.06 91.13 80.30
Len 17,049 16,616 18,939 6,925 3,363 12,578 −45%

ated budget strategies.

Sensitivity to the rollout group size. We further
evaluate the sensitivity of HMPO to the number
of sampled rollouts by varying G ∈ {5, 10, 20}
on Qwen3.5-9B. The adaptive budget is always
computed from the median length of the correct
subset, and all other training settings remain fixed.
As reported in Table 6, substantial compression
is retained across all three group sizes: G = 5,
G = 10, and G = 20 reduce average output length
by 40%, 46%, and 45%, respectively. However,
the accuracy–compression trade-off varies with G.
Using G = 5 gives an average accuracy of 81.47%,
suggesting that fewer rollouts provide a less re-
liable estimate of the correct-length distribution.
Increasing the group size to G = 20 does not
improve compression and decreases average ac-
curacy to 80.30%, despite doubling the rollout cost
of the default configuration. The default G = 10
achieves the highest average accuracy, 82.80%, to-

gether with 46% compression. These results show
that HMPO’s length-control effect persists across
different group sizes, while G = 10 provides the
best empirical balance among budget estimation
reliability, downstream accuracy, and rollout cost.

D Statistical Significance and Seed
Stability

To verify that the accuracy–compression trade-off
reported in Table 1 is stable rather than an arti-
fact of a single decoding run, we re-evaluate both
HMPO and the Base Model with multiple indepen-
dent decoding seeds (8 runs per model–benchmark
pair) and report standard deviation (Std), standard
error (SE), 95% confidence intervals under the Stu-
dent’s t distribution, and Welch’s two-sample t-test
between HMPO and the Base Model on each pair.
Under this protocol, the accuracy difference be-
tween HMPO and the Base Model is statistically
non-significant (p>0.05) on 14 of the 15 model–
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benchmark pairs, with the sole exception being
Qwen3.5-35B-A3B on AIME’25 (p=0.01). Av-
eraged across benchmarks, HMPO’s mean accu-
racy shifts by only −0.29 / −0.89 / +0.06 per-
centage points on Qwen3.5-9B / 35B-A3B / 122B-
A10B, while average output length drops by 44.2%
/ 40.6% / 26.4% respectively—closely matching
the Table 1 numbers within the reported 95% CIs.
This indicates that HMPO’s compression conclu-
sions, including the scale-dependent trend, are sta-
ble under seed variance.

E Case Study

As illustrated in Figure 7 and Figure 8 We present
qualitative examples comparing Base Model and
HMPO outputs to illustrate how HMPO achieves
token compression while preserving correctness.
Both examples are drawn from Qwen3.5-9B.

E.1 AIME 2026: Mathematical Reasoning

Statistics.
• Base Model: thinking = 41,349 chars, response

= 2,198 chars, total = 43,547 chars.
• HMPO: thinking = 7,483 chars, response = 1,560

chars, total = 9,043 chars.
• Compression: 79.2%. Both produce the correct

answer 178 .

Analysis. The Base Model’s reasoning trace ex-
hibits several inefficiencies:
1. Redundant verification of obvious con-

straints: The Base Model spends ∼800 char-
acters debating whether d must be an integer,
considering fractional d values and ruling them
out—a conclusion that follows trivially from
“arithmetic sequences of integers.”

2. Repeated self-questioning: The thinking trace
revisits whether d can be negative multiple times
(“Is there any possibility that d is negative and
24, 34 are terms before 4?”), each time reaching
the same conclusion that d > 0.

3. Over-elaboration of basic steps: Computing
gcd(20, 30) = 10 and listing its divisors is ex-
panded across ∼500 characters with intermedi-
ate prime factorization steps.
In contrast, HMPO’s reasoning is structured as a

concise step-by-step outline:
1. Identify constraints → formulate (k1−1)d =

20, (k2−1)d = 30.
2. Determine d | gcd(20, 30) = 10, positive divi-

sors {1, 2, 5, 10}.
3. Compute T10 = 4 + 9d for each d, sum them.

4. Brief arithmetic verification: 13+22+49+94 =
178.
HMPO eliminates the redundant self-debate

while retaining all logically necessary steps. The
final response is also more concise (1,560 vs. 2,198
chars) while containing identical mathematical con-
tent.

E.2 LiveCodeBench: Code Generation

Statistics.
• Base Model: thinking = 136,169 chars, response

= 13,488 chars, total = 149,657 chars.
• HMPO: thinking = 44,109 chars, response =

3,595 chars, total = 47,704 chars.
• Compression: 68.1%. Both pass all test cases.

Analysis. Both models arrive at the same algo-
rithmic solution: O(N2) DP with convex hull trick
(CHT) optimization. However, their reasoning pro-
cesses differ substantially:
1. Problem reformulation: Both correctly iden-

tify that the cost formula uses a prefix sum
of nums. The Base Model spends ∼5K chars
re-reading the problem statement and second-
guessing its interpretation before reaching this
conclusion; HMPO verifies it against examples
in ∼1K chars.

2. DP formulation: The Base Model explores mul-
tiple DP formulations (DP [i], DP [i][m], back
to DP [i][m] with restructuring) before settling
on the correct one. HMPO directly formulates
the 2D DP and proceeds to optimization.

3. Convex hull trick derivation: The Base Model
derives CHT from scratch with extensive alge-
braic manipulation (∼20K chars), while HMPO
recognizes the standard pattern (minimizing
mx + b with monotone queries) and applies
it in ∼5K chars.

4. Implementation: The Base Model’s response
includes both a lengthy explanation of the ap-
proach (10K chars) and the code (3.5K chars),
with the explanation repeating much of the
thinking. HMPO produces a clean code-only
response (3.6K chars) without redundant expla-
nation.
The key insight is that HMPO does not sacrifice

algorithmic sophistication—it still discovers and
implements the optimal O(N2) CHT solution. It
simply avoids the exploration dead-ends, repeated
self-correction, and verbose re-explanation that in-
flate the Base Model’s output.
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AIME 2026: Mathematical Reasoning Case (Answer: 178)

Question. Find the sum of the 10th terms of all arithmetic sequences of integers that have first term equal to 4 and
include both 24 and 34 as terms.

Base Model — Thinking (35,965 chars).

“Define an = 4 + (n − 1)d. Since the terms are integers and a1 = 4, d must be an integer. From
24 = 4 + (m− 1)d and 34 = 4 + (k − 1)d, we get d | 20 and d | 30, so d | gcd(20, 30) = 10.

[. . . ]

Wait, I should pause and check if ‘arithmetic sequences of integers’ implies something else. [. . . ] Could d
be non-integer rational? [. . . ] Is it possible that d is negative? [. . . ] If d < 0, the terms decrease. . . but
24, 34 > 4, so d must be positive. Wait, what if 24 was before a1? No, a1 is the first term. [. . . ]

Wait, what if the indices are not 1, 2, . . . but can be negative? [. . . ] Wait, the sequence must contain
these terms in that order, or not necessarily contiguous? [. . . ] What if the sequence wraps around modulo
something? [. . . ] Wait, I might have missed a case. What if the arithmetic sequence is not defined by
an = a1 + (n− 1)d? [. . . ]

So a10 = 4 + 9d, giving {13, 22, 49, 94}. Sum = 13 + 22 + 49 + 94 = 178.”

Base Model — Response.

The arithmetic sequences are defined by a1 = 4 and the common difference d. Since the terms are integers,
d must be an integer. [. . . ] For 24, 34 to be terms, d must be a common divisor of 20 and 30, giving
d ∈ {1, 2, 5, 10}. The 10th term is a10 = 4 + 9d ∈ {13, 22, 49, 94}. Sum = 13 + 22 + 49 + 94 = 178.
178

HMPO — Thinking (8,631 chars).

“The n-th term is an = a1 + (n− 1)d with a1 = 4. Since a2 = 4 + d must be an integer, d ∈ Z.

From 24 = 4 + (m − 1)d and 34 = 4 + (k − 1)d, subtracting yields d · (k −m) = 10. The terms are
increasing, so d > 0. [. . . ] d is a positive divisor of 10, i.e., d ∈ {1, 2, 5, 10}.
[. . . ]

For each d, a10 = 4 + 9d ∈ {13, 22, 49, 94}. Sum = 13 + 22 + 49 + 94 = 178.”

HMPO — Response.

Let an = a1 + (n − 1)d with a1 = 4. Since the terms are integers, d ∈ Z. For 24, 34 to be terms,
there exist positive integers m, k with (m − 1)d = 20 and (k − 1)d = 30, so d is a common divisor
of 20 and 30. Since 24 > 4, d > 0, and gcd(20, 30) = 10 gives d ∈ {1, 2, 5, 10}. The 10th term is
a10 = 4 + 9d ∈ {13, 22, 49, 94}, whose sum is 178 .

Figure 7: Case study on AIME 2026.

E.3 Summary of Observations

Across both domains, HMPO’s compression mani-
fests through three consistent mechanisms:

1. Elimination of redundant verification: The
Base Model repeatedly re-checks conclusions
it has already established. HMPO verifies once
and moves forward.

2. Direct problem-solving: HMPO avoids explor-
ing and discarding suboptimal approaches. It
converges on the correct method faster, suggest-
ing the RL training has taught the model to rec-
ognize solution patterns more efficiently.

3. Concise final responses: HMPO produces

shorter final answers/code without redundant re-
explanation of the reasoning already performed
in the thinking block.
These patterns explain why moderate compres-

sion (42–46%) can preserve or even improve accu-
racy: by removing self-contradicting explorations
and repetitive verification, the model reduces op-
portunities for error accumulation while retaining
all essential reasoning steps.
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LiveCodeBench: Code Generation Case
Problem. Divide nums (n ≤ 1000) into subarrays to minimize the total cost, where the i-th subarray [l, r] contributes
(nums[0]+ · · ·+nums[r] + k · i)× (cost[l]+ · · ·+cost[r]).

Base Model — Thinking (136,169 chars). Direct excerpts; red marks repeated re-derivations and self-doubt.

“We use dynamic programming. Let DP [i][m] be the minimum cost to partition the prefix of length i into
m subarrays. The transition is DP [i][m] = minj<i

(
DP [j][m−1] + (PN [i] + km)(PC [i]− PC [j])

)
.”

“Wait, if we define DP [i] as the min cost for prefix i ending with some number of subarrays, that equation is
wrong because the new subarray needs to know m.” [. . . ] “But wait, does m matter?” [. . . ] “Wait, PC [i]
and PN [i] are fixed for a specific i.” [. . . ] “Wait, PN [i] and PC [i] are sequences.” [. . . ] “Wait, this is
greedy, which might not work.” [. . . ] “Wait, look at the constraints again. N ≤ 1000.” [. . . ]

[Re-verifies Example 1 multiple times, recomputing (3+1+1)× (4+6) = 50 and (3+1+4+2)× 6 = 60
to confirm the output is 110.] [. . . ]

“The term inside the minimum is of the form Sj−Cj ·X , where Sj = DP [j][m−1] and X = PN [i]+km.
Slopes −PC [j] are monotone and queries X are monotone, so we apply the convex hull trick (CHT) for
O(N2) overall.”

Base Model — Response.

[. . . long mathematical exposition (∼10K chars) before code, duplicating the derivation in the thinking
trace, including a full re-statement of the DP recurrence, the convex hull rewrite, slope monotonicity, and
complexity analysis.]

class Solution:
def minimumCost(self, nums, cost, k):
n = len(nums)
P_N, P_C = [0]*(n+1), [0]*(n+1)
for i in range(n):

P_N[i+1] = P_N[i] + nums[i]
P_C[i+1] = P_C[i] + cost[i]

# . . . CHT with deque, ∼120 lines . . .

HMPO — Thinking (44,109 chars). Direct excerpts; the trace is largely linear.

“Let P [i] and C[i] be the prefix sums of nums and cost. The i-th subarray contributes (P [r]+ k · i)(C[r]−
C[l − 1]).

[. . . verifies Example 1 once: subarrays [3, 1] and [4] give 50 + 60 = 110.]

Let DP [i] be the minimum cost for the prefix of length i. Since the cost depends on the subarray index c,
we add c as an outer dimension and compute DP [i][c] from DP [·][c−1].
The inner minimization is minj<i

(
DP [j][c−1]− (P [i] + k c) · C[j]

)
, which is a line query of the form

−C[j]x+DP [j][c−1] with x = P [i] + k c. Since slopes −C[j] and queries x are both monotone, the
convex hull trick gives amortized O(1) per transition, hence O(N2) overall.”

[. . . ]

“Final check on time complexity. O(N2) with N = 1000 is 106 operations, well within limits.”

HMPO — Response.

class Solution:
def minimumCost(self, nums, cost, k):
n = len(nums)
prefix_nums = [0]*(n+1)
prefix_cost = [0]*(n+1)
for i in range(n):

prefix_nums[i+1] = prefix_nums[i] + nums[i]
prefix_cost[i+1] = prefix_cost[i] + cost[i]

dp = [float(’inf’)]*(n+1); dp[0] = 0
# . . . CHT with deque, ∼70 lines . . .

Figure 8: Case study on LiveCodeBench (LeetCode Hard)
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