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Abstract

Large Reasoning Language Models (LRMs) have recently
shown remarkable performance in complex reasoning tasks,
but their extensive reasoning chains incur substantial com-
putational overhead. To address this challenge, we pro-
pose Outlier-aware Reasoning Conciseness Adaptive Merge
(ORCA), a novel plug-and-play model merging framework
that leverages outlier activation patterns to fuse base models
with reasoning models. Our ORCA introduces three key inno-
vations: (1) adaptive alignment that reduces conflicts between
disparate activation patterns during merging, (2) outlier-
guided allocation that assigns merging coefficients propor-
tional to each layer’s reasoning importance as indicated by
outlier concentrations, and (3) dynamic probe-based adjust-
ment that adapts merging coefficients during inference based
on input-specific activation characteristics. These strategies
allow seamless integration into existing merging pipelines
while creating unified models that maintain reasoning ac-
curacy with significantly reduced response verbosity. Com-
prehensive evaluation across six benchmarks using Qwen
and LLaMA models shows ORCA reduces average response
length by 55% while improving accuracy by 2.4∼5.7% over
existing methods.

1 Introduction
Large Reasoning Language Models (LRMs), such as
DeepSeek-R1 (DeepSeek-AI et al. 2025) and OpenAI
O3 (OpenAI 2025), have demonstrated remarkable per-
formance in complex reasoning tasks, including advanced
mathematics, logical deduction, and multi-step problem-
solving. A key driver of their success is the adoption of
Chain-of-Thought (CoT) techniques, which break down
problems into intermediate reasoning steps (Wei et al. 2022).
However, this approach incurs substantial computational
overhead: even simple problems (e.g., “2+2=?”) can trig-
ger excessively long reasoning chains, generating thousands
of tokens. Since inference latency and resource consump-
tion scale linearly with output length (Chen et al. 2025),
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Figure 1: Average accuracy/length results of merged
Qwen2.5-7B on 6 reasoning tasks.

the growing size of modern LRMs—often reaching billions
of parameters—makes their computational and energy de-
mands unsustainable. For real-world deployment, efficiency
will be prioritized alongside accuracy to ensure scalability
on edge devices or high-throughput cloud systems.

To address these efficiency challenges, researchers have
developed three primary categories of solutions: prompt-
driven strategies, model-based approaches, and model merg-
ing techniques, each exhibiting distinct characteristics and
limitations. Prompt-driven methods like CCoT (Renze and
Guven 2024) or Token Complexity (Lee, Che, and Peng
2025) employ instructions to reduce output length but strug-
gle with consistency, often degrading accuracy on com-
plex problems (Han et al. 2025). Model-based approaches,
such as length-penalized reinforcement learning (Aggarwal
and Welleck 2025) or supervised fine-tuning on shortened
CoTs (Munkhbat et al. 2025), require extensive retraining
and may overfit to specific reasoning patterns. Model merg-
ing techniques (Ilharco et al. 2023; Wu et al. 2025) offer a
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Figure 2: Illustration of the ORCA framework: (1) Alignment Factor adaptively suppresses outlier activations in the reasoning
model to reduce merge conflicts. (2) Layer-wise Allocation assigns merge coefficients based on each layer’s outlier ratio, em-
phasizing reasoning-critical layers. (3) Probe Process dynamically adjusts merge coefficients during inference using lightweight
probes, enabling input-adaptive reasoning.

promising training-free alternative by interpolating param-
eters between a base model and its fine-tuned reasoning
model, achieving near 50% reductions in inference time and
response length. However, these efficiency gains come at
substantial accuracy costs, with traditional merging meth-
ods suffering around 10% performance drops. This moti-
vates our core research question: (RQ) How can we preserve
the efficiency benefits of model merging while minimizing
performance degradation?

To answer this question, we began by analyzing the fun-
damental differences between base and reasoning models,
leading to three critical findings that reveal the underly-
ing mechanisms of merging failures: (1) Outlier Pattern
Conflicts: reasoning models exhibit significantly larger and
more extreme outlier activations (>5× mean) compared to
base models for identical inputs, creating destructive in-
terference during parameter interpolation; (2) Layer-wise
Sensitivity Variations: high-outlier layers demonstrate dis-
proportionate importance for reasoning performance, with
40% accuracy degradation when merge coefficients are re-
duced compared to minimal impact in low-outlier layers; (3)
Input-dependent Outlier Dynamics: outlier distributions
vary greatly across different inputs, indicating that static
merging strategies fail to adapt to the dynamic reasoning
demands of individual problems. These observations reveal
that traditional merging approaches treat all parameters uni-
formly, ignoring the heterogeneous activation patterns that
are crucial for preserving specialized reasoning capabilities
while achieving conciseness.

Based on these insights, we propose the Outlier-aware
Reasoning Conciseness Adaptive Merge (ORCA) frame-
work, which uses activation information to enhance ex-
isting merging pipelines through three novel components

(see Figure 2). First, our Adaptive Alignment Factor ad-
dresses outlier pattern conflicts by dynamically scaling rea-
soning model parameters before merging. Since reason-
ing models generate significantly larger outlier activations
than base models for identical inputs, we automatically ad-
just scaling strength based on magnitude relationships be-
tween corresponding layers, reducing destructive interfer-
ence while preserving essential reasoning information en-
coded in outliers. Second, our Outlier-Guided Layer-wise
Allocation exploits layer-wise sensitivity variations by dif-
ferentially weighting layers based on their outlier concen-
trations. Recognizing that high-outlier layers are dispropor-
tionately critical for reasoning performance, we prioritize
outlier-rich layers to preserve reasoning capabilities while
allowing less critical layers to adopt the base model’s con-
cise characteristics, creating a balanced integration strategy.
Third, our Dynamic Merge Coefficient Adjustment tack-
les input-dependent outlier dynamics by adapting merge co-
efficients during inference. Since outlier distributions vary
greatly across different problems, lightweight probes cap-
ture input-specific activation patterns and dynamically ad-
just parameters accordingly, ensuring optimal performance
for each individual reasoning task. We evaluate ORCA
across six benchmarks using the Qwen and LLaMA models.
On Qwen2.5-7B models, ORCA reduces average response
length by 54∼58% , achieving state-of-the-art results. On
LLaMA-3.1-8B models, ORCA demonstrates consistent im-
provements with up to 2% accuracy gains and 5∼10%
shorter responses, confirming its effectiveness across differ-
ent architectures.

Our contributions can be summarized as follows: (1) We
identify the role of outlier activations in reasoning model
merging, demonstrating their U-shaped layer-wise distribu-
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Figure 3: Analysis of outlier patterns and their impact on model merging in Qwen2.5-7B. (a) Layer-wise outlier percent-
age distribution showing a U-shaped pattern with higher outlier ratios at beginning and end layers. (b) Impact of alignment
factor(1.0-1.08) on model merging performance, showing that strategically aligning outlier patterns between the base model
and reasoning model can improve merging effectiveness within an optimal range. (c) Performance comparison between high-
outlier layers (red) and low-outlier layers (blue) when reducing merge coefficients, demonstrating the critical importance of
high-outlier layers for maintaining reasoning performance.

tion and dynamic input dependence. (2) We propose ORCA,
a plug-and-play framework that can enhance existing merg-
ing methods by explicitly optimizing for outlier preservation
via adaptive alignment, layer-wise allocation, and dynamic
probing, achieving superior length-accuracy trade-offs. (3)
We conduct extensive experiments across 7 model variants
and 6 benchmarks, showing ORCA outperforms state-of-
the-art merging techniques by clear margins.

2 Related Works
Efficient Reasoning: Prompt-driven strategies achieve con-
cise reasoning by adjusting prompts or leveraging rout-
ing mechanisms. For example, CCoT (Renze and Guven
2024) prompts models with direct instructions to reduce
token usage, while TALE-EP (Han et al. 2025) and To-
ken Complexity (Lee, Che, and Peng 2025) explore the im-
pact of explicitly specifying token budgets in input prompts.
RouteLLM (Ong et al. 2025) uses learned routers to allo-
cate queries across LLMs for cost-efficient inference, and
SoT (Aytes, Baek, and Hwang 2025) utilizes routing mech-
anisms inspired by cognitive science to choose optimal rea-
soning approaches. Model-based strategies include meth-
ods that introduce length penalties into reinforcement learn-
ing frameworks (Luo et al. 2025; Yeo et al. 2025; Aggar-
wal and Welleck 2025), designing reward functions that
penalize redundant reasoning steps. Alternative approaches
like Self-Training (Munkhbat et al. 2025) and C3oT (Kang
et al. 2025) construct variable-length CoT datasets con-
taining shorter reasoning paths and employ supervised
fine-tuning to encourage concise reasoning behaviors. Un-
like these approaches that either require prompt engi-
neering, specialized training, or architectural modifica-
tions, our ORCA framework achieves efficient reasoning
through training-free model merging without many ad-
ditional computational overhead.
Model Merging (Zhu et al. 2025) has emerged as a com-
pelling alternative to traditional Multi-task Learning, op-
erating directly on pre-trained model parameters to offer

training-free capability combination. Early work like model
soup (Wortsman et al. 2022) demonstrated potential by av-
eraging fine-tuned model parameters, while Fisher Merg-
ing (Matena and Raffel 2022) uses Fisher information matri-
ces for more effective fusion. Following the pioneering con-
cept of task vectors (Ilharco et al. 2023), TIES (Yadav et al.
2023b) preserves significant values while resolving sign
conflicts, and DARE (Yu et al. 2024) with DAREx (Deng
et al. 2025) randomly zeros certain parameters and rescales
remaining ones to eliminate redundancy. Recent methods
have recognized weight-only limitations and begun integrat-
ing activation information. Our ORCA distinctly differs
from weight-only approaches by addressing activation
interference through outlier-aware analysis and ensur-
ing dynamic adaptation to input-specific reasoning de-
mands. AdaMerging (Yang et al. 2024b) and AIM (Nobari
et al. 2025) utilize activation information from calibration
data to identify important neurons and adjust merging coef-
ficients accordingly. In sharp contrast to these methods,
our framework explicitly optimizes for outlier preserva-
tion through adaptive alignment and layer-wise alloca-
tion, achieving superior length-accuracy trade-offs.

3 Methodology
3.1 Problem Formulation
Given a common base model with parameters θ0 and its
N fine-tuned variants {θ1, θ2, . . . , θN}, we aim to obtain a
unified model θmerged capable of performing all tasks effec-
tively. We utilize task vectors (Ilharco et al. 2023) defined as
δi = θi − θ0 for i ∈ {1, . . . , N} to encapsulate the capabil-
ities of fine-tuned models and employ merge coefficients λi

to control the integration strength of each model. We formu-
late the final merged model as:

θmerged = θ0 +
N∑
i=1

λi · δi. (1)

For long-to-short reasoning tasks, we interpret the base
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model θ0 as providing concise responses, while the fine-
tuned model represents a reasoning model that performs de-
liberate analytical thinking. Our merging goal is to com-
bine the advantages of both models, enabling the merged
model to output accurate answers while minimizing reason-
ing chain length.

3.2 Observations & Motivations: Outlier Matters
Previous works on LLM compression (Lin et al. 2024; Xiao
et al. 2023; Yin et al. 2024; Le et al. 2025) have demon-
strated that outliers—activation values greater than n times
the mean (with n = 5 in our work)—significantly impact
model performance. Meanwhile, reasoning models exhibit
unique activation patterns compared to non-reasoning mod-
els for identical inputs (Zhao et al. 2025), suggesting that
activation manifestations play a critical role in complex rea-
soning tasks. Inspired by these backgrounds, we analyze
the outlier distribution of the DeepSeek-R1-Distill-Qwen-
7B model and observe a distinctive pattern: as illustrated in
Figure 3 (a), the outlier distribution is highly non-uniform,
with outliers being rare overall and their density across lay-
ers forming a distinct ‘U’ shape.
Empirical Experiment I: Reducing Outlier Pattern In-
consistencies During Merge. When merging models with
distinct functional focuses, such as a general base model
and a reasoning-specialized model, a key challenge arises
from the inconsistency in behavioral patterns between the
two models. Specifically, for identical input sequences, the
reasoning model tends to generate significantly larger and
more extreme outlier activations in certain channels or lay-
ers due to its specialized reasoning mechanisms, while the
base model produces more moderate and constrained acti-
vations for the same inputs. This discrepancy could lead to
outlier pattern conflicts during model merging.
Setup. We investigate whether aligning the output activa-
tion patterns of corresponding layers between two models
prior to merging can help mitigate potential outlier conflicts
while preserving the valuable information encoded in these
outliers (Turner et al. 2024). We apply an alignment factor
s > 1 to adjust the weight matrices of selected linear layers
in the reasoning model as W ′ = W/s. For the same input
x, the layer’s output becomes W ′x = Wx/s, making this
layer’s behavior more moderate and aligned with the base
model’s activation patterns. We then evaluate the merging
performance across different values of s.
Result. As shown in Figure 3 (b), merging the base model
with the aligned reasoning model can improve performance
within a suitable range of s. This suggests that strategi-
cally aligning patterns in the reasoning model can en-
hance merging effectiveness, thereby providing empirical
support for developing outlier-aware merging strategies.
Empirical Experiment II: Effect of Merge Coefficient in
High-Outlier vs. Low-Outlier Layers. To further elucidate
the role of outliers in model merging, we investigate whether
the sensitivity of model performance to the merge coeffi-
cient varies across layers with different outlier characteris-
tics. Specifically, we ask: Do layers with a higher proportion
of outliers contribute more critically to the merged model’s
reasoning performance?

Setup. We isolate two groups of layers—those with a high
outlier ratio and those with a low outlier ratio. For each
group, we independently reduce the merge coefficient while
keeping all other layers fixed. This design allows us to di-
rectly assess the impact of outlier prevalence on merge effec-
tiveness by comparing the performance degradation in each
case.
Result. As shown in Figure 3 (c), performance drops much
more rapidly when the merge coefficient is reduced in high-
outlier layers compared to low-outlier layers. This demon-
strates that not all layers contribute equally to preserving
complex reasoning ability in the merged model. These re-
sults indicate that layers with more outliers are more criti-
cal for reasoning performance, and that layer-wise outlier
statistics provide a reliable basis for guiding merge coeffi-
cient allocation.

3.3 ORCA Framework Components
Based on our observations, we present the ORCA frame-
work with three key components: adaptive alignment fac-
tors, outlier-guided layer-wise merge coefficient allocation,
and dynamic merge coefficient adjustment via probe signals.
Adaptive Alignment Factor. Empirical Experiment I re-
veals that behavioral inconsistencies between models indeed
pose significant challenges during merging, but using a con-
stant alignment factor is obviously suboptimal as it ignores
the unique weight characteristics of different layers and
the relationships between corresponding layers in the base
and reasoning models. Here, we propose adaptive alignment
factors that consider both the varying weight distributions
across model components and the magnitude relationships
between corresponding layers across the two model. We de-
fine the layer-wise adaptive alignment factor sj as:

sj =

√
max(|Wi,j |)
max(|W0,j |)

, (2)

where j denotes the layer index, and W0,j and Wi,j repre-
sent the weight matrices of layer j in the base model and
reasoning model, respectively. Our adaptive factor automat-
ically adjusts the scaling strength based on the magnitude re-
lationship between corresponding layers in the two models,
ensuring better parameter alignment during the merging pro-
cess. We apply this factor to self-attention and feed-forward
layers in the reasoning model, as these components domi-
nate both parameter count and computation in LRMs.
Outlier-Guided Layer-wise Allocation. Our analysis in
Empirical Experiment II demonstrates that different layers
exhibit varying impacts on merge performance, with outlier-
rich layers playing a more crucial role in maintaining the
reasoning model’s capabilities. We integrate the outlier pro-
portion information into layer-wise adaptive allocation dur-
ing merging. Given an L-layer large language model with
a target merge coefficient λ, we calculate the target layer-
wise merge coefficients [λ1, λ2, . . . , λL]. We represent the
outlier proportion for each layer as D = [D1, D2, . . . , DL].
Based on our observation that layers with higher outlier con-
centrations should be more prominently integrated into the
merged model, we establish the relationship λi ∝ Di. We
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implement this principle through the following algorithmic
approach to ensure λi ∈ [λ− α, λ+ α]:

D̃i =
Di −Dmin

Dmax −Dmin
· 2α, (3)

λi = D̃i − ¯̃D + λ, (4)

Under our design paradigm, we prioritize layers critical to
the reasoning model to enhance the model’s reasoning ca-
pabilities, while relatively less important layers allow the
merged model to learn the base model’s concise and precise
characteristics. Our approach creates a balanced integration
strategy that leverages the complementary strengths of both
models while maintaining the essential reasoning patterns
we identify through outlier analysis.
Dynamic Merge Coefficient Adjustment. We observe that
the distribution of outliers in the reasoning model varies
significantly across different inputs. Since decisions based
solely on calibration datasets may fail to account for these
dynamic outlier patterns during inference, we propose a
probe-driven dynamic adjustment strategy for merge coeffi-
cients. During inference, when input hidden states xl reach
layer fl, we generate a probe pl via a magnitude-based
probe sampling strategy, selecting the most significant to-
kens based on absolute magnitude. We propagate this probe
through the next n layers to collect activation distributions
A

(k)
probe = fl:k(pl) and compute dynamic outlier proportions

D′
k:

D′
k =

∑
a∈A

(k)
probe

I(|a| > 5 · mean(A(k)
probe))

|A(k)
probe|

, (5)

Then, we apply D′
k to Equation 4 across these n layers to

perform data-driven dynamic allocation. This re-allocation
is performed while keeping the local total merge coeffi-
cients fixed. The corresponding merged parameters are sub-
sequently updated, achieving a more input-aware and locally
balanced parameter configuration. During implementation,
we apply this probing technique to only a small subset of
layers for efficiency.

3.4 Integration with Existing Merge Frameworks
Our ORCA framework can seamlessly integrate into into ex-
isting merge frameworks such as AIM (Nobari et al. 2025)
and TIES (Yadav et al. 2023a) through a simple preprocess-
ing and runtime adjustment pipeline. We demonstrate inte-
gration with the general merging formulation:

θmerged = θ0 +
N∑
i=1

Λi ⊙ δi. (6)

where Λi represents our ORCA-enhanced layer-wise merge
coefficients that replace scalar coefficients λi in Equation 1.

4 Experiments
4.1 Experiment Setup
To validate our approach across different architectures, we
perform experiments using two distinct model families for

base and reasoning models. Specifically, we select Qwen2.5-
Math (7B), Qwen2.5 (32B) (Yang et al. 2024a) and LLaMA-
3.1(8B) (Dubey et al. 2024) as base models, responsi-
ble for fast mathematical problem-solving, and DeepSeek-
R1-Distill-Qwen (7B,32B), DeepSeek-R1-Distill-LLaMA-
8B (DeepSeek-AI et al. 2025), and QwQ-32B (Yang et al.
2024a) as reasoning models, designed for deliberate analyt-
ical tasks. We compare our proposed approach with mul-
tiple advanced model merging methods, including Model
Soup (Wortsman et al. 2022), Task Arithmetic (Ilharco et al.
2023), TIES (Yadav et al. 2023a), DARE (Yu et al. 2024),
Twin Merge (Lu et al. 2024), AIM (Nobari et al. 2025), and
ACM (Yao et al. 2025). These state-of-the-art baselines pro-
vide robust references for evaluating our method.
Datasets. We evaluate our proposed method using several
widely recognized mathematical reasoning benchmarks, in-
cluding GSM8K (Cobbe et al. 2021), MATH500 (Light-
man et al. 2024), Minerva Math (Lewkowycz et al. 2022),
OlympiadBench (He et al. 2024), CollegeMath (Tang et al.
2024), and AIME24. These datasets cover various mathe-
matical domains and difficulty levels, enabling a compre-
hensive assessment of reasoning abilities.
Implementation. For hyperparameters, the variation bound
(α) controls the allocation of merge coefficients across lay-
ers to ensure layer-wise coefficients remain within a rea-
sonable range, and is set to α = 0.1 for stable optimiza-
tion. Additionally, we apply the probing technique to only
three layers during inference, and select only 25% of tokens
for probing based on their activation magnitudes to further
reduce computational overhead. Finally, we use a calibra-
tion set of 128 randomly selected samples from the s1K
dataset (Muennighoff et al. 2025) to compute necessary out-
lier statistics. All experiments are conducted under zero-shot
evaluation conditions with consistent protocols.

4.2 Long-to-Short Merging Results
Our main experimental results demonstrate the effectiveness
of our outlier-aware model merging approach, which we de-
note as ORCA, across different model scales and mathemati-
cal reasoning benchmarks. We present comprehensive com-
parisons with existing state-of-the-art merging methods on
both Qwen and LLaMA models.
Qwen-series Model Results. Table 1 presents the results
of our proposed ORCA method and other state-of-the-art
merging approaches in Qwen2.5-7B models. Our method
consistently achieves superior accuracy while significantly
reducing response lengths. ORCA-AIM achieves the high-
est average accuracy of 57.4%, outperforming the best base-
line ACM-TA by 2.4%. Of particular significance, on the
challenging AIME24 dataset, ORCA-AIM demonstrates the
highest accuracy of 33.3%, surpassing all baseline meth-
ods. Compared with other plug-and-play merging methods,
such as DARE-based approaches (DARE-TA), ORCA vari-
ants exhibit substantial improvements in reasoning accu-
racy while achieving considerable reductions in response
length. Moreover, our ORCA approach demonstrates sub-
stantial mitigation of reasoning verbosity across all vari-
ants, with our methods achieving average response lengths
ranging from 1599 to 1734 tokens compared to DeepSeek-
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Model Accuracy (%) ↑ Response Length ↓

GSM M500 Min. Oly. Coll. AIME Avg. GSM M500 Min. Oly. Coll. AIME Avg.

Qwen2.5-Math-7B 57.4 51.0 11.4 16.7 22.1 16.7 29.2 1012 1293 1363 1930 1439 1385 1404
R1-Qwen-7B 89.5 87.8 36.0 48.3 45.0 43.3 58.3 1050 2901 3169 5781 2456 7547 3817

Average Merging 86.7 80.6 31.6 41.8 41.6 33.3 52.6 646 1941 1911 3014 1850 3641 2167
Task Arithmetic 89.5 84.6 32.7 45.9 45.7 23.3 53.6 557 1485 1340 2398 1353 3481 1769
TIES-Merging 90.2 83.4 33.8 45.5 44.2 30.0 54.5 530 1189 1130 2546 1935 2994 1721
DARE-TA 91.7 82.8 34.6 47.1 48.8 13.3 53.1 489 1606 1466 2681 2542 3234 2003
Twin Merge 86.1 80.2 31.6 44.0 41.7 26.7 51.7 595 1800 1675 2815 2079 3321 2048
AIM-TIES 91.5 84.6 36.0 48.4 48.7 20.0 54.9 598 1665 1433 2428 1743 3904 1962
ACM-TA 90.9 84.7 37.0 46.4 44.2 26.7 55.0 579 1500 1300 2342 1614 3469 1801

ORCA-TA 88.9 84.8 36.0 48.3 46.0 30.0 55.7 458 1356 1299 2299 1254 3225 1649
ORCA-DARE 91.3 86.0 34.9 47.0 47.3 23.3 55.0 599 1482 1265 2363 1331 3363 1734
ORCA-TIES 91.1 83.0 36.4 49.0 48.4 30.0 56.3 554 1373 1492 2006 1242 2926 1599
ORCA-AIM 91.8 85.2 37.1 48.3 48.8 33.3 57.4 540 1467 1331 1951 1167 3723 1696

Table 1: Results of merging methods on Qwen2.5-7B. Abbreviations: Min. (Minerva Math), Oly. (Olympiad Bench), Coll.
(College Math). “Avg.” columns represent the mean across all benchmarks. Response Length denotes the mean number of
tokens.

R1-Distill-Qwen-7B’s 3817 tokens–representing a reduc-
tion exceeding 50%–while consistently maintaining supe-
rior accuracy performance, thereby validating the effective-
ness of our outlier-aware merging strategy. Additionally, we
conduct three-model merging experiments using Qwen2.5-
32B (mathematical base), DeepSeek-R1-Distill-Qwen-32B
(reasoning), and QwQ-32B (additional reasoning) to eval-
uate our method’s effectiveness in multi-model merging
scenarios. Table 2 shows results across three mathemati-
cal reasoning benchmarks. Our ORCA variants consistently
outperform baseline methods, achieving both superior ac-
curacy and improved response efficiency. ORCA-AIM at-
tains the highest accuracy across all benchmarks (95.7%
GSM8K, 46.3% Minerva, 53.3% Olympia) while generat-
ing more concise responses than baseline methods, demon-
strating that our outlier-aware approach effectively balances
performance and efficiency.

Model Accuracy (%) ↑ Response Length ↓

GSM Min. Oly. GSM Min. Oly.

Qwen2.5-32B 81.9 22.8 28.9 425 1314 1294
R1-Qwen-32B 95.7 43.8 53.8 823 2582 5274
QwQ-32B 96.4 51.7 54.6 1420 4946 6713

TA 93.3 44.5 50.7 1013 2965 4583
AIM 94.8 45.2 52.6 976 2183 3981

ORCA-TA 93.6 46.0 52.0 1005 2577 4271
ORCA-AIM 95.7 46.3 53.3 900 1979 3828

Table 2: Performance on Qwen2.5-32B models.

Model Accuracy (%) ↑ Response Length ↓

GSM Min. Oly. GSM Min. Oly.

Llama-3.1-8B 83.1 22.1 16.1 216 573 911
R1-Llama-8B 73.1 13.2 19.7 583 1554 1844

TA 73.5 15.1 21.3 284 784 1438
DARE 70.7 14.0 21.8 425 870 1821
TIES 73.7 15.1 21.2 262 820 1497
AIM 74.2 14.3 21.3 337 850 1597

ORCA-TA 74.6 15.8 22.2 242 721 1404
ORCA-DARE 72.9 17.6 22.5 383 800 1644
ORCA-TIES 75.0 14.3 23.3 247 804 1393
ORCA-AIM 74.6 16.5 22.5 320 816 1383

Table 3: Performance on Llama models

LLaMA-series Model Results. Table 3 demonstrates
ORCA’s effectiveness on LLaMA architectures, achiev-
ing consistent performance gains across all mathematical
reasoning benchmarks. ORCA variants outperform their
baseline counterparts while maintaining shorter response
lengths, with ORCA-TIES and ORCA-AIM leading in dif-
ferent tasks. These results confirm that our outlier-aware
approach successfully transfers to different model archi-
tectures, effectively balancing reasoning accuracy with re-
sponse efficiency on LLaMA-based models.

The consistent improvements across different model ar-
chitectures and multiple benchmarks validate the effective-
ness of our outlier-aware merging approach. Our method
successfully addresses the core challenge of long-to-short
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reasoning by leveraging outlier distribution patterns to guide
the merging process, resulting in models that maintain rea-
soning accuracy while generating significantly more concise
responses.

Figure 4: Component ablation in Qwen2.5-7B showing the
contribution of each component in our ORCA framework.
The four bars in each sub-figure represent Vanilla, Align-
ment Factor, Adaptive Coeff, and Probe Signals, respec-
tively.

Allocation Strategy Average Accuracy (%)

Task Arithmetic 53.6
Increasing Allocation 45.6
Decreasing Allocation 47.2
Random Allocation 52.7
ORCA Allocation 54.9

Table 4: Ablation study in Qwen2.5-7B on layer-wise merge
coefficient allocation strategies.

Probe Selection Method Average Accuracy (%)

Task Arithmetic 53.6
Minimum Value Selection 53.1
Random Selection 53.9
ORCA Probe 54.2

Table 5: Ablation study in Qwen2.5-7B on probe selection
strategies for dynamic merge coefficient adjustment.

4.3 Ablation Study
Component Ablation Analysis. As shown in Figure 4, we
add each of the Adaptive Alignment Factor, Outlier-Guided
Coefficient, and Probe Signals to four merging baselines
(TA, DARE, TIES, AIM) on the Qwen 2.5-7B model, in-
serting only one component at a time. Averaged across base-
lines, the Adaptive Alignment Factor increases accuracy by
roughly 1.2%, the Outlier-Guided Coefficient by about 1.5
%, and Probe Signals by approximately 0.6%. The Outlier-
Guided Coefficient provides the largest individual gain, and

Stage / Operation Time

Offline Operations
AIM 210.01 seconds
Outlier-based Coefficient Analysis 30.49 seconds
Adaptive Alignment Factor Computation 3.22 seconds

Online Inference (per input)
AIM 399 ms
ORCA w/o probe 368 ms
ORCA 378 ms (+2.7%)

Table 6: Computational overhead on merged Qwen2.5-7B.

combining all three components yields the best overall per-
formance.
Layer-wise Allocation Strategy Analysis. We investigated
how different layer-wise merge strategies impact mathemat-
ical reasoning. Our proposed outlier-guided ORCA allo-
cation significantly outperforms baseline methods, includ-
ing uniform, increasing, decreasing, and random alloca-
tions. This demonstrates that reasoning capabilities are un-
evenly distributed across layers. Effective model merging
must therefore prioritize critical layers identified by outliers,
rather than applying arbitrary or uniform coefficients.
Probe Sampling Strategy Analysis. To validate the effec-
tiveness of our magnitude-based probe sampling strategy,
we conduct an ablation study comparing different probe se-
lection methods on the TA baseline. Our approach, ORCA
Probe, selects samples based on high activation magnitudes
to identify critical outlier patterns affecting the merge. Re-
sults show this method achieves the best performance, sig-
nificantly outperforming random selection and a strategy tar-
geting low-magnitude activations. This validates that high-
magnitude activations are reliable indicators for adapting
merge coefficients dynamically and effectively.
Computational Efficiency. A key advantage of ORCA is
its efficiency. The pre-merge operations are one-time, offline
costs, and the dynamic probe is designed to be lightweight.
As shown in Table 6, the offline operations complete in ap-
proximately 34 seconds, a marginal time compared to the
baseline AIM merging time of 210 seconds. During infer-
ence, the dynamic probe adds only 2.7% latency overhead,
demonstrating that ORCA achieves substantial accuracy im-
provements without compromising deployment efficiency.

5 Conclusion

In this paper, we demonstrate that outlier activation patterns
are critical for effective model merging and introduce ORCA
as a comprehensive framework addressing the urgent need
for efficient reasoning model deployment. Our approach de-
livers production-ready solutions that seamlessly bridge the
gap between powerful reasoning models and practical de-
ployment constraints while making sophisticated reasoning
accessible in resource-limited environments (Li et al. 2023,
2024b,c, 2025c, 2024a, 2025d,a,b,d; Gu et al. 2025).
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