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Abstract

Reasoning models have demonstrated remarkable capabilities in solving
complex problems by leveraging long chains of thought. However, this
more deliberate reasoning comes with substantial computational overhead
at inference time. The Long-to-Short (L2S) reasoning problem seeks to
maintain high accuracy using fewer tokens, but current training-free model
merging approaches rely on scalarized, fixed-hyperparameter arithmetic
methods that are highly brittle and force suboptimal compromises. To
address this gap, we introduce Evo-L2S, a novel framework that formulates
L2S reasoning as a multi-objective optimization challenge. By leveraging
evolutionary model merging, Evo-L2S explicitly optimizes the trade-off
between accuracy and output length to produce a robust Pareto front of
merged models. To make this search computationally tractable for large
language models, we propose an entropy-based subset sampling technique
that drastically reduces the overhead of fitness estimation. Comprehensive
experiments across 1.5B, 7B, and 14B parameter scales on six mathematical
reasoning benchmarks demonstrate that Evo-L2S can reduce the length of
generated reasoning traces by over 50% while preserving, or even improv-
ing, the problem-solving accuracy of the original reasoning models.

Figure 1: Overview of the Evo-L2S pipeline. Left: Entropy-based sampling constructs
an informative evaluation subset. Right: Multi-objective evolutionary search (NSGA-II)
optimizes reasoning accuracy and output length to produce a Pareto front of merged models.
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1 Introduction

Recent progress in Large Language Models (LLMs) has led to a paradigm shift from efficient,
implicit reasoning toward more deliberate and structured reasoning. This transition is often
interpreted through the lens of dual-process theory, a psychological framework that defines
human cognition as the interplay between fast, automatic, intuitive thinking (System 1) and
slower, more analytical, and deliberate thinking (System 2) (Zhang et al., 2026).

While System 2 reasoning has significantly improved performance on complex mathematical
and logical tasks, it introduces a substantial computational overhead. The generation of long
chain-of-thought (CoT) traces often results in redundant intermediate steps, repeated hy-
pothesis exploration, and unnecessary deliberation. This phenomenon, commonly referred
to as overthinking (Chen et al., 2025), leads to increased inference latency and computational
cost without proportional accuracy gains on problems that do not require deep reasoning.
As LLM deployment scales, this inefficiency becomes a critical bottleneck.

This trade-off between reasoning robustness and inference efficiency is at the core of the
Long-to-Short reasoning (L2S) problem (Wu et al., 2025): retaining the accuracy benefits of
System 2 reasoning while substantially reducing the length of CoT traces and the associated
computational cost. Previous training-free attempts to address L2S via model merging rely
on scalarized, fixed-hyperparameter arithmetic methods (e.g., Task Arithmetic, TIES) or
require highly sensitive initialization (e.g., ACM). These approaches are fundamentally
brittle: they force a premature compromise between competing objectives and require
exhaustive manual tuning, often collapsing into suboptimal trade-offs.

To overcome this, we introduce Evo-L2S, a novel framework that formulates Long-to-Short
reasoning as a multi-objective optimization problem. By leveraging evolutionary model
merging, Evo-L2S autonomously explores the parameter space to approximate the Pareto
frontier between reasoning accuracy and output length.

Specifically, we make the following contributions:

• Multi-Objective Formulation for L2S: We introduce Evo-L2S, a training-free merg-
ing procedure that explicitly optimizes the trade-off between accuracy and output
length. By combining System 2 and System 1 models, we generate a Pareto-optimal
family of merged models, eliminating the need for brittle hyperparameter guessing.

• Scalable Entropy-Based Fitness Estimation: To make evolutionary search com-
putationally tractable over massive LLMs, we propose a theoretically grounded,
entropy-based subset sampling technique. This drastically reduces the computa-
tional overhead of fitness estimation by identifying the most informative evaluation
items, ensuring high ranking fidelity at a fraction of the cost.

• Empirical Validation at Scale: Using our standardized, QwenLM-based evaluation
pipeline to jointly assess accuracy and token efficiency, we conduct comprehensive
experiments across the 1.5B, 7B, and 14B parameter scales on six rigorous mathe-
matical benchmarks. Our results demonstrate that Evo-L2S can reduce the length
of generated reasoning traces by over 50% while preserving, or even improving,
the symbolic problem-solving accuracy of the original System 2 baseline.

2 Related Work

2.1 L2S: Long-to-Short reasoning

Improving the efficiency of System 2 reasoning has motivated a variety of approaches.
SFT-based methods train on long and short reasoning traces: TokenSkip (Xia et al., 2025)
analyses token-level semantic importance within CoT outputs and fine-tunes models to skip
less important tokens while learning shortcuts between critical ones, enabling compression
at a controllable ratio; C3oT (Kang et al., 2025) uses an LLM-based compressor to condense
longer CoTs into shorter ones while retaining key information, then trains models on
both versions simultaneously via a conditioned objective; and CoT-Valve (Ma et al., 2025)
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Figure 2: Accuracy (%) vs. length reduction (%) relative to DeepSeek-R1-Distill-Qwen at the
1.5B (left) and 7B (right) scales, averaged across six reasoning benchmarks. The dashed line
marks the DeepSeek-R1 accuracy baseline. Connected points form the Pareto fronts found
by Evo-L2S; transparent points are Pareto-optimal on the fitness subset but dominated on
the full evaluation. The optimal region is in the upper right corner.

identifies a direction in parameter space that, when scaled, controls the length of the
generated CoT. RL-based methods incorporate explicit length signals: O1-Pruner (Luo
et al., 2025) estimates each problem’s baseline performance through pre-sampling and then
applies RL-style fine-tuning that encourages shorter reasoning under accuracy constraints;
DAST (Shen et al., 2025) introduces a Token Length Budget metric to quantify problem
difficulty and leverages budget-aware reward shaping to penalise overlong responses for
simple tasks while preserving sufficient reasoning for complex ones; and ThinkPrune (Hou
et al., 2026) progressively tightens a token budget across multiple rounds of RL training.
Prompt-based techniques such as Concise CoT (Nayab et al., 2025) constrain verbosity at
inference time without updating parameters, but are often brittle and sensitive to phrasing.

2.2 Model Merging

Simple parameter averaging (Wortsman et al., 2022) can smooth noise when models are well
aligned but degrades when checkpoints diverge. Task Arithmetic (TA; Ilharco et al., 2023;
Ortiz-Jimenez et al., 2023; Zhou et al., 2025) scales and combines task vectors – the parameter
displacements induced by fine-tuning – via a single coefficient λ. TIES-Merging (Yadav
et al., 2023) adds conflict resolution through magnitude trimming and sign election, while
DARE (Yu et al., 2024) sparsifies task vectors via random dropping and rescaling. However,
all arithmetic methods share a key limitation: they rely on globally fixed hyperparameters,
and even small variations can cause significant changes in accuracy and output length, while
the same fixed settings lead to markedly different results across model scales. Activation-
guided Consensus Merging (ACM; Yao et al., 2025) addresses the uniformity issue by
computing layer-wise coefficients from the mutual information between pre-trained and
fine-tuned activations on a calibration corpus. Yet ACM is not a stand-alone procedure: it
operates as a plug-and-play refinement on top of a pre-merged checkpoint produced by
an arithmetic method, and from our experiments, the final accuracy–length trade-off is
highly sensitive to this initialization. Under unfavorable pre-merge choices, ACM can even
degrade performance.

The inherent sensitivity of these arithmetic methods is particularly pronounced in the
Long-to-Short (L2S) reasoning paradigm, where the objective is to collapse expansive Chain-
of-Thought (CoT) trajectories into concise, logically sound outputs without sacrificing
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Scale System 1 System 2

1.5B Qwen2.5-Math-1.5B DeepSeek-R1-Distill-Qwen-1.5B
7B Qwen2.5-Math-7B DeepSeek-R1-Distill-Qwen-7B
14B Qwen2.5-14B DeepSeek-R1-Distill-Qwen-14B

Table 1: Model pairs used in our experiments, sharing Qwen architectures.

symbolic accuracy. Wu et al. (2025) first established model merging as a viable, training-free
alternative for L2S, demonstrating that weight-space interpolation can effectively mitigate
the redundant ”overthinking” reflections common in large reasoning models. While Yao et al.
(2025) subsequently applied ACM to L2S to provide more granular control, the dependence
on a stable arithmetic initialization remains a bottleneck. This highlights a critical research
gap: the need for an optimization strategy capable of autonomously navigating the non-
linear Pareto frontier between reasoning depth and token efficiency, a high-dimensional
search problem that standard heuristics are ill-equipped to solve.

3 Preliminaries

3.1 Formulating L2S as Multi-Objective Optimization

We formulate Long-to-Short (L2S) reasoning as a multi-objective optimization problem.
Instead of searching for a single merged model that balances accuracy and brevity under a
fixed set of hyperparameters, we jointly optimize two conflicting objectives: (i) accuracy
(Pass@1), defined as the fraction of problems solved correctly in a single attempt (which,
under greedy decoding, coincides with standard accuracy), and (ii) output length, measured
as the mean number of tokens generated per response and used as a proxy for inference-time
computational cost.

To this end, we adopt Mergenetic (Minut et al., 2025), a library for evolutionary model
merging built on top of MergeKit (Goddard et al., 2024) for parameter-space merging
and PyMoo (Blank & Deb, 2020) for evolutionary optimization. A core contribution of
this work is extending Mergenetic to support the L2S setting. We implement a custom
evaluation pipeline, built on the QwenLM toolkit1, which jointly measures accuracy and
response length on mathematical reasoning benchmarks. Additionally, we substitute the
default MERGE3 (Mencattini et al., 2025) with our entropy-based sampling procedure for
the reduced evaluation set, avoiding the need to train a p-IRT model.

3.2 Slow and Fast Thinking Models

Our experiments merge pairs of architecturally compatible checkpoints representing the
two reasoning systems, which lie at opposite ends of the accuracy–length trade-off (Table 1).

System 1 endpoint. As the fast-thinking endpoint we use the Qwen2.5 family (Qwen et al.,
2025). At the 1.5B and 7B scales we employ the math-specialised variants Qwen2.5-Math
(Yang et al., 2024), obtained by continuing pre-training on the Qwen Math Corpus v2 (over
one trillion tokens). These models generate short, concise responses but exhibit lower
accuracy on multi-step reasoning benchmarks.

System 2 endpoint. As the slow-thinking endpoint we use the DeepSeek-R1-Distill-Qwen
family. DeepSeek-R1 (DeepSeek-AI et al., 2025) is a 671B-parameter Mixture-of-Experts
reasoning model trained through a multi-stage pipeline combining supervised fine-tuning,
reinforcement learning, rejection sampling, and alignment. Dense distilled variants are
obtained by fine-tuning Qwen2.5 backbones on approximately 800k high-quality CoT traces
generated by the full model. The Qwen-based distilled checkpoints at 1.5B and 7B produce
long reasoning traces and achieve high accuracy on complex tasks, at substantial token cost.

1https://github.com/QwenLM/Qwen2.5-Math
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3.3 Merging Operator

As in the canonical model-merging formulation, our checkpoint pairs derive from a common
pre-trained initialization, θ0. This shared ancestry guarantees architectural compatibility
between the two endpoints, allowing us to define a single displacement vector:

τ = θS1 − θS2, (1)

where θS2 denotes the DeepSeek-R1-Distill-Qwen checkpoint (System 2) and θS1 denotes
the Qwen2.5-Math checkpoint (System 1). Here τ does not represent a fine-tuning update; it
encodes a direct parameter-space displacement from the slow-thinking model toward the
fast-thinking one.

Task Arithmetic (TA). Task Arithmetic (Ilharco et al., 2023) applies the displacement τ
with a scalar coefficient λ, yielding a global linear interpolation between the two endpoints:

θM = (1 − λ) θS2 + λ θS1, (2)

where λ ∈ [0, 1]. When λ = 0 the merged model coincides with the System 2 endpoint;
when λ = 1 with the System 1 endpoint. In our evolutionary framework, λ constitutes the
genotype: the single decision variable that fully specifies a candidate merge.

Alternative merging operators. We additionally experiment with: (i) TIES-Merging (Ya-
dav et al., 2023), which introduces a density parameter k controlling the fraction of highest-
magnitude entries retained in τ, yielding a two-dimensional genotype (λ, k). TIES was
originally designed to resolve sign conflicts among multiple task vectors; with only two
checkpoints, however, there can be no conflict to resolve, so its sign-election step becomes
trivial and the only effective modification over TA is the magnitude-based trimming of τ.
(ii) An unconstrained linear combination θM = ωS2 θS2 + ωS1 θS1, which removes the
convex-combination constraint. Despite the richer search spaces of these operators, TA
consistently yields the most robust results across model scales (Section 5.2); we therefore
adopt it as our primary merging strategy.

4 Method

4.1 Multi-objective Evolutionary Search

Motivation for Pareto Optimization. As established in our formulation, accuracy and
output length are inherently conflicting objectives. Merging configurations that preserve
the deeper reasoning behavior of a System 2 model naturally tend to retain verbose chain-
of-thought traces, whereas configurations that produce shorter outputs typically incur a
loss in symbolic accuracy. Rather than committing to a single, scalarized hyperparameter
configuration that forces a premature compromise, Evo-L2S explicitly searches for a Pareto
set of solutions. This yields a diverse family of merged models, each representing a distinct
accuracy-length trade-off, allowing practitioners to select the operating point that best
matches their specific efficiency-performance constraints after downstream evaluation.

Fitness function. Given a candidate merged model M and a fixed evaluation subset S , we
compute two quantities:

Acc(M) =
1
|S| ∑

i∈S
1[ci = 1], (3)

Len(M) =
1
|S| ∑

i∈S
li, (4)

where ci ∈ {0, 1} indicates whether M correctly solves item i and li is the number of to-
kens in the corresponding output. Following the minimization convention of PyMoo, the
bi-objective fitness vector is F(M) = [−Acc(M), Len(M)], so that minimizing F simultane-
ously maximizes accuracy and minimizes output length.

5



Preprint

Evolutionary Algorithm. We approximate the Pareto front using NSGA-II (Deb et al.,
2002), a widely adopted elitist multi-objective evolutionary algorithm. Assuming all objec-
tives are to be minimized, a solution x1 Pareto-dominates x2 (written x1 ≺ x2) if x1 is no
greater than x2 on every objective and strictly smaller on at least one; solutions that are not
dominated by any other candidate form the Pareto front.

Starting from a population of N genotypes sampled uniformly at random, NSGA-II iterates
for T generations: at each step, offspring are produced via binary tournament selection,
Simulated Binary Crossover (SBX), and Polynomial Mutation; the parent and offspring
populations are then pooled and partitioned into successive non-dominated fronts; the next
generation is filled by adding fronts in rank order, breaking ties within the last admissible
front by crowding distance: a density measure that favors solutions located in sparser
regions of the front, so as to promote a well-spread set of trade-offs. After T generations the
final non-dominated set is returned as an approximation of the Pareto front.

4.2 Subset-Based Fitness Estimation

Evolutionary search requires evaluating hundreds of candidate models. Assessing every
individual on a full benchmark at each generation is computationally intractable. Evo-
L2S therefore approximates full-benchmark performance using a compact subset S of 50
reasoning problems sampled once from MATH (Hendrycks et al., 2021) and held fixed. This
ensures the fitness signal remains directly comparable across candidates and consistently
guides the evolutionary search.

Entropy sampling. Not all items are equally useful for ranking candidates. Items solved
by every model, or failed by every model, carry no discriminative signal. To construct
an optimally informative subset S , we evaluate a calibration pool of K = 10 merged
checkpoints (obtained by uniformly spacing λ across [0, 1]; see Figure 3a).

For each item i, we compute its empirical correctness probability pi =
1
K ∑K

k=1 ci,k, where
ci,k ∈ {0, 1} indicates whether model Mk correctly solved instance i. We then quantify the
informativeness of each instance using its Bernoulli entropy (Figure 3b):

Hi = −pi log2 pi − (1 − pi) log2(1 − pi) (5)

Entropy is maximized when pi ≈ 0.5 (i.e., maximal disagreement across candidate models).
We rank items by Hi and select the top |S| = 50 to use as the fixed evaluation subset.

Why high-entropy items? Intuitively, a problem solved by every model (or by none)
carries no signal for ranking candidates—only problems where models disagree reveal
meaningful differences. High-entropy items, those with pi ≈ 0.5, are precisely the ones that
maximally separate candidates in expectation. Formally, under a simple threshold model of
item difficulty, maximizing the expected number of pairwise distinctions between candidate
models is mathematically equivalent to selecting items based on their Bernoulli entropy—we
refer the interested reader to Appendix B for the complete theoretical derivation.

Ranking fidelity and Baselines. To validate this theoretical intuition, we compare our
entropy sampling approach against two distinct baselines: uniform random sampling and
disagreement sampling, the latter selectively retaining only those evaluation items where
the extreme endpoints λ ∈ {0, 1} yield strictly diverging correctness outcomes.

Because NSGA-II relies on ranking-based selection, a proxy subset is effective if the relative
ordering of candidates it induces matches the ordering obtained from the full benchmark.
We quantify this agreement using the Spearman rank correlation ρ. A value of ρ ≈ 1
indicates that the subset faithfully reproduces the full-benchmark ordering. Our proposed
entropy sampling approach achieves the highest ρ in the low-budget regime, reaching
near-perfect rank agreement much faster than the alternative baseline strategies (Figure 3c).
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Figure 3: Entropy-based subset sampling for efficient evolutionary fitness estimation.
(a) Calibration correctness matrix: each row is one of K = 10 merged checkpoints (spaced
uniformly in λ), each column a problem sorted by empirical solve rate p̂i; the colour strip
below shows the corresponding Bernoulli entropy Hi. We generate this matrix simulating
common patterns observed in correctness matrices, in order to avoid test contamination.
(b) Entropy curve Hi = −pi log2 pi − (1−pi) log2(1−pi); individual problems are scattered
at ( p̂i, Hi), with selected items (Hi above the dashed threshold) shown in blue. (c) Spearman
rank correlation ρ between subset-induced and full-benchmark model rankings as a function
of subset size |S|. Entropy sampling reaches near-perfect fidelity at |S| = 50, clearly
outperforming disagreement sampling and uniform random sampling.

5 Experiments and Analysis

5.1 Evaluation Protocol

Mathematical Reasoning Benchmarks. We evaluate all models on six widely used mathe-
matical benchmarks spanning a broad range of difficulty and abstraction: GSM8K (Cobbe et al.,
2021) (1319 problems), MATH500 (Lightman et al., 2024) (500), Minerva-Math (Lewkowycz
et al., 2022) (272), OlympiadBench (He et al., 2024) (675), College-Math (Tang et al., 2024)
(2818), and AIME24 (Zhang & Math-AI, 2024) (30).

Prompting and decoding strategies. All models are evaluated with vLLM (Kwon et al.,
2023) in bfloat16 precision with a fixed random seed of 0, using the QwenLM evaluation
toolkit, which provides standardized prompt templates and automated procedures for
answer extraction and parsing across all benchmarks.

Fast-thinking models are evaluated in a few-shot chain-of-thought setting, where reasoning
behavior is elicited via Question–Answer demonstrations included in the prompt. Slow-
thinking models are evaluated zero-shot, with an explicit instruction to “reason step by step”
and enclose the final answer in a \boxed{} expression. Both settings use greedy decoding
(temperature = 0.0, top-p = 1.0), with a maximum of 8, 192 new tokens for fast-thinking
models and 10, 240 for slow-thinking ones.

All merged models are evaluated under the same configuration as the slow-thinking baseline,
so that any change in accuracy or response length can be attributed solely to the merging
procedure. Response length is measured as the number of tokens generated per output,
using the model’s own tokenizer, before any post-processing.

5.2 Baselines

System 1 vs. System 2 endpoints. DeepSeek-R1-Distill-Qwen (System 2) significantly
outperforms Qwen2.5-Math (System 1) at both 1.5B (45.5% vs. 27.6%) and 7B scales (59.2%
vs. 32.6%), but generates responses roughly 5× longer. These endpoints represent opposite
extremes of the accuracy-length trade-off (Figure 2), highlighting the need to efficiently
explore the interior Pareto frontier.

7
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Arithmetic merging with fixed hyperparameters. Following Wu et al. (2025), we evaluate
Average Merging, Task Arithmetic (TA), and TIES-Merging. These baselines struggle to
balance both objectives consistently. At 1.5B, Average Merging matches System 2 accuracy
with a 40% length reduction, while TA drops 4.6 percentage points (pp). Conversely, at
7B, TA performs best (-0.7 pp, 38% reduction), while Average Merging degrades accuracy
by 4.5 pp. No single scalarized configuration robustly preserves accuracy while achieving
substantial compression across scales.

Activation-guided consensus merging (ACM). ACM (Yao et al., 2025) computes layer-
wise coefficients but requires a pre-merged arithmetic checkpoint as initialization. We find
the final trade-off highly sensitive to this choice: accuracy spreads by 4.1 pp at 1.5B and 5.6
pp at 7B depending on the pre-merge. While favorable initializations (ACM-TA) perform
well, unfavorable ones severely degrade performance (-3.2 pp at 1.5B, -6.9 pp at 7B). ACM
thus remains heavily bottlenecked by its brittle arithmetic initialization.

Single-objective evolutionary merging. Optimizing solely for accuracy yields models
matching or slightly exceeding System 2 (+3.4 pp at 1.5B; on par at 7B) but with limited
length reductions (∼38%). Conversely, optimizing solely for length compresses outputs by
71–78% but incurs severe accuracy drops (-4.6 pp to -11.6 pp). Single-objective search simply
collapses toward the extremes (Figure 2), leaving the high-accuracy, high-compression
intermediate region entirely unexplored and motivating our multi-objective formulation.

5.3 Multi-objective evolutionary merging

We evaluate the full Evo-L2S pipeline in Figure 1, comparing entropy sampling, which selects
the 50 MATH items with the highest Bernoulli entropy across a pool of merged checkpoints
(Section 4.2), against uniform random sampling as a baseline. Results are presented in Figure 2.

1.5B scale. Both strategies contribute non-dominated solutions to the global Pareto front.
The most significant region lies between 49 % and 60 % length reduction, where merged
models match or exceed DeepSeek-R1 accuracy, a combination unattainable by any arithmetic
baseline or single-objective search. Random sampling finds the highest-accuracy point:
50.4 % (+4.9 pp) at 49 % reduction. Entropy sampling produces three points in this region:
50.1 % (+4.6 pp) at 52 %, 49.7 % (+4.2 pp) at 55 %, and 44.5 % (−1.0 pp) at 60 %. All three
Pareto-dominate ACM-TA, the best arithmetic baseline (+0.9 pp, 38 % reduction), achieving
higher accuracy at larger reductions simultaneously. At higher compression, random
sampling extends the front to 73 %–74 % reduction (−3.5 pp and −5.3 pp).

7B scale. At 7B, entropy sampling traces a well-distributed front from 39 % to 72 % reduction:
59.6 % (+0.4 pp) at 39 %, 58.4 % (−0.8 pp) at 58 %, 57.0 % (−2.2 pp) at 68 %, and 51.1 %
(−8.1 pp) at 72 %. Random sampling, by contrast, only finds non-dominated solutions in
the high-compression, low-accuracy region (73 %–80 % reduction, −8 pp to −12 pp), leaving
the high-accuracy regime entirely uncovered. Unlike at 1.5B, no single Pareto point strictly
dominates ACM-TA (−1.3 pp, 65 %): ACM-TA itself lies on the Pareto front, and neither our
solutions nor ACM-TA mutually dominate one another. Nevertheless, Evo-L2S provides a
richer set of operating points, allowing practitioners to select the desired accuracy–efficiency
trade-off rather than being constrained to a fixed hyperparameter configuration.

5.4 Analysis

Full per-benchmark results are reported in Tables 2, and 3 in Appendix C, along with table 4
for 14B scale. Figure 4 compares our selected trade-off solution (high accuracy with over
50 % output-length reduction) against the DeepSeek-R1-Distill-Qwen baseline across all six
benchmarks at both scales.

At the 1.5B scale, Evo-L2S consistently outperforms the baseline in accuracy while simultane-
ously reducing output length. Gains are most pronounced on Minerva-Math (+12.9 pp, 61%
shorter), MATH500 (+6.6 pp, 47% shorter), and GSM8K (+5.9 pp, 32% shorter), with smaller
but consistent improvements on OlympiadBench (+4.4 pp, 58% shorter) and College-Math
(+4.9 pp, 47% shorter). The only exception is AIME24 (−10.0 pp, 57% shorter); however,
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since this benchmark comprises only 30 highly complex competition problems, this gap cor-
responds to a difference of just 3 correct solutions. On average, Evo-L2S improves accuracy
by +4.2 pp (+5.5 pp weighted by benchmark size) while reducing response length by 55%
(32%–61% across individual benchmarks).

At the 7B scale the results are more nuanced, as the DeepSeek-R1-Distill-Qwen-7B baseline
is considerably stronger. Evo-L2S still achieves substantial length reductions (58% on aver-
age, up to 79% on GSM8K and Minerva-Math) at a modest accuracy cost: it improves over
the baseline on GSM8K (+2.5 pp), OlympiadBench (+5.2 pp), and College-Math (+2.4 pp),
with minor losses on MATH500 (−1.4 pp) and Minerva-Math (−3.3 pp). As at 1.5B, the
largest drop occurs on AIME24 (−10.0 pp), corresponding to just 3 problems out of 30. On
average, accuracy decreases by only 0.8 pp with a 58% length reduction. Weighting by the
number of problems per benchmark, the gap closes entirely: +2.1 pp above the baseline
with a 66% length reduction, confirming that Evo-L2S successfully recovers the accuracy of
the reasoning model while cutting generated reasoning traces by more than half.

6 Conclusion

In this work, we introduced Evo-L2S, a novel framework formulating the Long-to-Short
(L2S) reasoning task as a multi-objective optimization problem. Evo-L2S demonstrates
that evolutionary model merging effectively navigates the complex Pareto frontier between
accuracy and output length, overcoming the brittleness of fixed-hyperparameter arithmetic
methods that force premature and suboptimal compromises.

To make this search computationally tractable, we introduced a theoretically grounded,
entropy-based subset sampling technique that drastically reduces fitness estimation over-
head. Our comprehensive evaluations across 1.5B, 7B, and 14B parameter scales empirically
confirm that Evo-L2S condenses the redundant reasoning traces of System 2 models by over
50% without compromising problem-solving capabilities on mathematical benchmarks.

Ultimately, Evo-L2S provides a deployable solution to the inference bottlenecks of reasoning
models. By decoupling System 2 reasoning capabilities from their verbosity, practitioners can
dynamically select Pareto-optimal models meeting specific latency and compute constraints.
This demonstrates that weight-space evolutionary optimization is a highly effective, training-
free mechanism to align generation length with strict efficiency requirements.
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A Reproducibility

To facilitate future research and ensure the full reproducibility of our multi-objective evolu-
tionary merging framework, we will publicly release our complete codebase, the optimal
merging configurations (genotypes) for the Pareto fronts, and all evaluation scripts upon
acceptance of this paper.

Models and Frameworks All base checkpoints in our experiments are publicly available
via Hugging Face. We utilized the Qwen2.5-Math (System 1) and DeepSeek-R1-Distill-Qwen
(System 2) model families at the 1.5B, 7B, and 14B parameter scales. Parameter-space
merging operations were executed using the MergeKit library (Goddard et al., 2024), while
the evolutionary optimization and Pareto front approximations were driven by PyMoo (Blank
& Deb, 2020). Inference and generation were conducted using vLLM (Kwon et al., 2023) in
bfloat16 precision to maximize throughput during fitness evaluation.

Evolutionary Search Hyperparameters The NSGA-II algorithm was initialized with a
population size of N = 20 candidates and executed for T = 10 generations. The evolutionary
operators utilized were Simulated Binary Crossover (SBX) and Polynomial Mutation. Fitness
estimation during the search was performed on a static subset S of 50 problems sampled
from the MATH dataset. This subset was deterministically selected via our entropy-based
sampling method from a calibration pool of K = 10 checkpoints, which were uniformly
spaced along the Task Arithmetic interpolation line (λ ∈ [0, 1]).

Evaluation Protocol All formal baseline and Pareto-front evaluations were performed
using the official QwenLM evaluation toolkit to guarantee standardized prompt templates and
unbiased answer extraction. Generation hyperparameters were strictly controlled across all
tested models, utilizing greedy decoding (temperature = 0.0, top-p = 1.0) with maximum
generation limits of 8,192 tokens for System 1 models and 10,240 tokens for System 2 models.
A fixed random seed of 0 was enforced across the entire pipeline to ensure deterministic
execution.

Compute Infrastructure The evolutionary search and all subsequent evaluations were
executed on a cluster equipped with NVIDIA A100 (64GB) GPUs. Thanks to the entropy-
based subset sampling and vLLM optimizations, the evolutionary search for a single model
scale completes in under 24 GPU hours.
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B Why entropy selection is informative

The following proposition gives a simple justification for entropy-based subset selection.

Proposition. Assume candidate merged models are indexed by λ ∈ [0, 1], and that for each
problem i there exists a threshold ti ∈ [0, 1] such that the model solves the problem iff λ ≥ ti,
i.e.

ci(λ) = 1{λ ≥ ti}.

Let λ, λ′ i.i.d.∼ Unif[0, 1], and define

Di(λ, λ′) = 1{ci(λ) ̸= ci(λ
′)},

the indicator that problem i distinguishes the two candidate models. Then
Eλ,λ′ [Di] = 2pi(1 − pi),

where
pi = Pλ(ci(λ) = 1).

Consequently, for any subset budget m, the subset of m problems that maximizes the
expected number of pairwise distinctions,

Eλ,λ′

[
∑
i∈S

Di(λ, λ′)

]
,

is obtained by selecting the m problems with largest Bernoulli entropy
Hi = −pi log2 pi − (1 − pi) log2(1 − pi).

Proof. Under the threshold model, Di(λ, λ′) = 1 iff one of λ, λ′ lies below ti and the other
lies above it. Therefore

E[Di] = P(λ < ti, λ′ ≥ ti) + P(λ′ < ti, λ ≥ ti) = ti(1 − ti) + (1 − ti)ti = 2ti(1 − ti).
Since

pi = Pλ(ci(λ) = 1) = 1 − ti,
we obtain

E[Di] = 2pi(1 − pi).
Hence the expected total number of pairwise distinctions over a subset S is

∑
i∈S

2pi(1 − pi),

so the optimal subset consists of the items with the largest values of pi(1 − pi). Finally, both
p 7→ p(1 − p) and the Bernoulli entropy p 7→ −p log p − (1 − p) log(1 − p) are symmetric
around 1/2 and strictly increasing on [0, 1/2], so they induce the same ranking of items. □

Remark. The threshold assumption is stylized, but the same conclusion holds locally for
smooth item-response curves. If qi(λ) = P(ci(λ) = 1) is differentiable and follows a logistic
form qi(λ) = σ(ai(λ − bi)), then for nearby candidates λ and λ + δ,

qi(λ + δ)− qi(λ) = ai qi(λ)
(
1 − qi(λ)

)
δ + O(δ2).

Thus, for comparable slopes ai, items with qi(λ) ≈ 1/2 are again the most sensitive to
changes in the merge coefficient, which is exactly what entropy sampling favors.

C Detailed Results

We report complete numerical results for all three model scales (1.5B, 7B, and 14B) across six
mathematical reasoning benchmarks (GSM8K, MATH500, Minerva-Math, OlympiadBench,
College-Math, AIME24), together with arithmetic average and weighted average (weighted
by benchmark size). Each entry reports accuracy (%) in the top row and output length
(tokens) in the bottom row; for the Average and Weighted Average columns, the bottom
row instead reports length reduction relative to DeepSeek-R1-Distill-Qwen [%]. The highest
accuracy in each column is highlighted in bold. Evo-L2S rows correspond to entropy-
sampling Pareto-optimal solutions, sorted by decreasing average accuracy.
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Method
Bench

GSM8K MATH500 Minerva
Math

Olympiad
Bench

College
Math AIME24 Avg. W-Avg.

Qwen2.5-Math-1.5B
75.7 51.2 11.0 11.9 15.8 0.0 27.6 32.3

(110.0) (327.2) (1032.2) (1337.7) (606.3) (1107.5) (753.5) (576.1)

DeepSeek-R1-Distill-Qwen-1.5B
79.0 73.0 20.2 35.0 42.8 23.3 45.5 51.9

(628.7) (2570.0) (3014.8) (5814.2) (1776.6) (8432.9) (3706.2) (2158.6)
Arithmetic Merging

Average Merging
78.2 71.4 30.1 36.4 43.6 13.3 45.5 52.5

(533.1) (1651.0) (1657.1) (3057.5) (1117.6) (5301.2) [40.1%] [39.3%]

Task Arithmetic
75.0 66.6 27.2 31.1 38.5 6.7 40.9 48.0

(1219.2) (2731.9) (2638.1) (5186.3) (1634.4) (6564.3) [10.2%] [1.0%]

TIES-Merging
78.8 72.2 31.6 33.6 44.7 6.7 44.6 53.0

(595.8) (1757.5) (1733.2) (3828.8) (1101.6) (4692.1) [38.4%] [34.3%]
Activation-informed Merging (ACM)

ACM-Average
75.1 69.0 30.1 33.5 42.8 3.3 42.3 50.8

(502.8) (1370.6) (1026.5) (2539.7) (950.0) (4182.6) [52.5%] [49.2%]

ACM-TA
80.2 73.0 33.5 36.3 42.3 13.3 46.4 52.6

(576.3) (1835.0) (1522.3) (3140.1) (1183.4) (5488.4) [38.2%] [36.4%]

ACM-TIES
78.2 69.4 27.9 32.7 44.9 13.3 44.4 52.4

(469.8) (1586.0) (1263.9) (2698.9) (992.1) (4201.4) [49.6%] [46.4%]
Single-Objective Evolutionary Merging

Evo-L2S (Accuracy)
84.7 77.4 28.3 39.0 43.7 20.0 48.9 54.9

(543.6) (1758.2) (1673.2) (3651.2) (1259.4) (4904.9) [38.0%] [32.2%]

Evo-L2S (Length)
73.4 62.6 29.0 28.4 42.2 10.0 40.9 48.9

(388.7) (782.9) (853.6) (1258.4) (703.3) (2407.5) [71.2%] [66.7%]
Multi-Objective Evolutionary Merging (Entropy Sampling, Pareto-optimal)

Evo-L2S-01
85.7 77.2 33.5 40.9 46.8 16.7 50.1 57.1

(409.5) (1329.9) (1059.5) (2349.8) (938.8) (4478.3) [52.5%] [51.6%]

Evo-L2S-02
84.9 79.6 33.1 39.4 47.7 13.3 49.7 57.4

(426.2) (1367.8) (1168.4) (2427.1) (948.5) (3593.2) [55.3%] [50.6%]

Evo-L2S-03
81.5 70.8 30.1 34.8 46.8 3.3 44.5 54.6

(408.7) (1225.1) (1044.2) (2038.5) (822.2) (3341.5) [60.1%] [56.9%]

Evo-L2S-04
73.3 61.2 27.6 29.8 42.6 10.0 40.8 49.0

(385.5) (861.3) (857.9) (1235.1) (711.5) (2770.4) [69.3%] [66.2%]

Table 2: Results of model merging methods at the 1.5B scale.

Method
Bench

GSM8K MATH500 Minerva
Math

Olympiad
Bench

College
Math AIME24 Avg. W-Avg.

Qwen2.5-Math-7B
83.7 59.4 9.6 17.0 26.2 0.0 32.6 40.6

(104.0) (432.8) (946.8) (1228.2) (759.4) (1450.0) (820.9) (645.5)

DeepSeek-R1-Distill-Qwen-7B
89.9 86.4 42.6 47.7 45.4 43.3 59.2 59.6

(1794.3) (3505.1) (4737.2) (6187.3) (3171.1) (7891.9) (4547.8) (3341.1)
Arithmetic Merging

Average Merging
91.1 83.8 39.0 47.9 49.5 16.7 54.7 61.5

(370.1) (1098.7) (951.5) (2223.1) (911.1) (3710.7) [66.0%] [70.8%]

Task Arithmetic
91.6 87.2 39.0 49.3 47.2 36.7 58.5 61.0

(634.6) (1970.4) (1796.5) (4304.3) (1539.1) (6580.9) [38.3%] [48.0%]

TIES-Merging
89.9 84.0 39.0 48.7 48.5 23.3 55.6 60.8

(360.3) (1296.6) (1050.6) (2610.8) (991.7) (4266.5) [61.2%] [67.5%]
Activation-informed Merging (ACM)

ACM-Average
87.6 81.2 37.5 41.8 47.6 20.0 52.6 58.7

(369.6) (1066.3) (841.7) (1981.5) (862.1) (2951.5) [70.4%] [72.8%]

ACM-TA
92.3 86.0 39.7 50.2 49.5 30.0 57.9 62.3

(354.1) (1157.2) (942.8) (2292.2) (926.5) (3898.1) [64.9%] [70.3%]

ACM-TIES
86.1 81.6 35.7 45.0 48.9 16.7 52.3 59.3

(378.8) (1054.7) (1020.8) (2140.1) (849.7) (3118.6) [68.6%] [72.1%]
Single-Objective Evolutionary Merging

Evo-L2S (Accuracy)
92.2 88.0 40.4 50.7 47.3 36.7 59.2 61.5

(526.7) (1792.2) (1981.5) (4147.0) (1492.8) (6674.3) [39.1%] [50.2%]

Evo-L2S (Length)
85.1 72.8 32.4 37.0 41.9 16.7 47.6 53.6

(366.0) (726.6) (703.7) (1295.7) (762.5) (2038.9) [78.4%] [78.0%]
Multi-Objective Evolutionary Merging (Entropy Sampling, Pareto-optimal)

Evo-L2S-01
92.0 87.8 42.3 51.1 47.5 36.7 59.6 61.7

(531.2) (1854.5) (1824.8) (4206.5) (1481.7) (6674.3) [39.3%] [50.2%]

Evo-L2S-02
92.4 85.0 39.3 52.9 47.8 33.3 58.4 61.7

(384.0) (1228.6) (976.9) (2932.2) (986.8) (4948.4) [58.0%] [66.4%]

Evo-L2S-03
91.4 83.4 40.4 47.7 49.2 30.0 57.0 61.5

(362.3) (1147.3) (864.3) (2433.8) (860.7) (3140.9) [67.7%] [70.9%]

Evo-L2S-04
85.4 76.4 33.8 40.7 47.1 23.3 51.1 57.2

(385.5) (867.1) (747.9) (1448.5) (700.6) (3368.4) [72.4%] [77.6%]

Evo-L2S-05
82.0 73.2 28.7 36.9 44.0 20.0 47.5 53.8

(378.5) (867.4) (731.9) (1283.2) (725.7) (2006.6) [78.0%] [78.1%]

Table 3: Results of model merging methods at the 7B scale.
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Method
Bench

GSM8K MATH500 Minerva
Math

Olympiad
Bench

College
Math AIME24 Avg. W-Avg.

Qwen2.5-14B
91.7 49.6 16.5 21.3 12.6 0.0 32.0 35.6

(202.4) (598.4) (1315.8) (1310.9) (1231.7) (1770.0) (1071.5) (950.0)

DeepSeek-R1-Distill-Qwen-14B
93.4 86.2 45.6 53.5 46.1 46.7 61.9 61.7

(1061.1) (3183.6) (3806.2) (5765.1) (2671.1) (7814.4) (4050.3) (2793.0)
Arithmetic Merging

Average Merging
89.8 81.6 39.3 44.7 45.0 33.3 55.6 58.4

(781.8) (1692.4) (965.9) (3227.1) (1210.7) (5837.3) [43.6%] [49.6%]

Task Arithmetic
94.5 86.8 44.9 49.6 45.8 36.7 59.7 61.3

(865.8) (2459.2) (2593.1) (5190.8) (2136.8) (7814.2) [13.3%] [18.1%]

TIES-Merging
89.3 80.0 40.1 44.9 45.1 26.7 54.3 58.2

(712.5) (1837.0) (948.6) (3140.4) (1231.7) (6002.2) [38.3%] [49.5%]
Activation-informed Merging (ACM)

ACM-Average
90.7 81.8 40.8 45.6 47.4 26.7 55.5 60.0

(742.2) (1337.3) (816.7) (2218.0) (937.9) (4273.0) [57.5%] [60.9%]

ACM-TA
92.6 69.4 30.9 34.8 32.0 26.7 47.7 49.8

(1545.6) (4374.3) (4903.2) (7501.5) (3892.2) (7965.4) [−24.2%] [−39.2%]

ACM-TIES
91.2 81.6 39.0 46.5 47.5 26.7 55.4 60.2

(640.6) (1273.7) (742.2) (2145.8) (899.8) (5069.6) [55.7%] [62.9%]
Single-Objective Evolutionary Merging

Evo-L2S (Accuracy)
95.1 89.0 43.8 51.7 45.7 33.3 59.8 61.7

(945.7) (2663.1) (3027.3) (5406.2) (2307.6) (7570.7) [9.8%] [12.1%]

Evo-L2S (Length)
89.1 74.0 34.6 38.7 45.2 13.3 49.1 56.6

(367.5) (695.0) (832.7) (1120.2) (699.5) (1246.2) [79.6%] [75.6%]
Multi-Objective Evolutionary Merging (Entropy Sampling, Pareto-optimal)

Evo-L2S-01
94.3 86.4 43.8 49.8 45.8 33.3 58.9 61.1

(858.5) (2429.8) (2742.5) (5318.2) (2129.9) (7797.2) [12.5%] [17.6%]

Evo-L2S-02
94.8 85.4 43.4 49.9 46.4 26.7 57.8 61.4

(763.6) (2272.6) (2429.9) (5051.1) (1965.9) (7589.9) [17.4%] [23.6%]

Evo-L2S-03
93.3 83.8 40.4 45.9 46.4 26.7 56.1 60.3

(593.4) (1958.2) (1957.3) (4871.0) (1700.6) (7301.5) [24.4%] [32.4%]

Evo-L2S-04
94.2 83.0 40.4 47.0 47.7 16.7 54.8 61.2

(273.9) (1008.8) (700.8) (1885.5) (840.0) (4090.9) [63.8%] [69.3%]

Evo-L2S-05
91.5 77.2 37.9 37.3 46.1 20.0 51.7 57.9

(245.2) (680.2) (815.2) (1053.8) (696.0) (1299.9) [80.3%] [77.1%]

Table 4: Results of model merging methods at the 14B scale.
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