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Abstract

Large Reasoning Models (LRMs) have
achieved remarkable success on complex tasks
by generating detailed Chain-of-Thought (CoT)
reasoning. However, they tend to apply a uni-
form, computation-intensive deep reasoning
strategy to all problems, leading to unneces-
sary overhead on simple tasks. This signif-
icantly hinders their efficiency in real-world
applications. While existing methods have im-
proved reasoning efficiency to some extent,
they still face critical challenges such as con-
flicting objectives, limited adaptability. To ad-
dress these limitations, we propose AdaMix, an
adaptive reasoning framework via decoupled
optimization. To mitigate optimization con-
flicts, AdaMix first constructs two specialized
adapters: an efficiency-oriented short adapter
and an accuracy-oriented long adapter. It then
incorporates a difficulty-aware routing model
that assesses problem complexity to predict
a reasoning intensity coefficient. This coeffi-
cient is used to dynamically interpolate a mixed
adapter from the two base adapters, enabling
fine-grained reasoning control. Our experiment
demonstrates that our AdaMix reduces the av-
erage response length of DeepSeek-R1-Distill-
Qwen-7B by 54.9% while improving accuracy
by up to 4.8% on five mathematical datasets,
thus indicating a favorable accuracy-efficiency
trade-off.

1 Introduction

In recent years, the field of artificial intelli-
gence has been undergoing a paradigmatic trans-
formation driven by Large Reasoning Models
(LRMs) (Jaech et al., 2024; Guo et al., 2025;
Yang et al., 2025a; Zhang et al., 2025a). These
models simulate humans’ in-depth critical think-
ing processes by generating detailed step-by-step
Chain-of-Thought (CoT) (Wei et al., 2022), thereby
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Figure 1: Trade-off between accuracy improvement
and token reduction rate (relative to the DS-R1-Distill-
Qwen-7B baseline) for AdaMix and baseline methods,
averaged across five mathematical datasets.

achieving groundbreaking progress in complex rea-
soning tasks (Chang et al., 2024) such as mathemat-
ics (Cobbe et al., 2021) and code generation (Chen
et al., 2021). However, beneath this powerful
capability lies a core efficiency paradox: regard-
less of the inherent complexity of various prob-
lems, models tend to adopt reasoning patterns that
are equally lengthy and computationally intensive.
While this uniformly applied deep thinking strategy
is relatively applicable to challenging problems, it
leads to the phenomenon of overthinking when con-
fronted with simple problems that do not require
complex reasoning (Chen et al., 2025; Sui et al.,
2025; Yang et al., 2025b). This results in significant
waste of computational resources and delays.

To address the efficiency challenges posed by
overthinking, the academic community has ex-
plored diverse optimization approaches from mul-
tiple dimensions. A major research orientation
employs reinforcement learning to directly restrict
response length (Team et al., 2025; Hou et al.,
2025). By devising reward functions that penal-
ize the generation of redundant tokens, it guides
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models to yield more concise outputs (Luo et al.,
2025; Aggarwal and Welleck, 2025). Other ap-
proaches adopt non-training strategies, such as uti-
lizing model merging techniques to fuse a slow-
thinking model proficient in in-depth reasoning
with a fast-thinking model capable of quick re-
sponses using fixed parameter weights (Wu et al.,
2025; Qiu et al., 2025), with the aim of creating a
single model that combines the strengths of both.
Furthermore, researchers propose the model rout-
ing mechanism (Ong et al., 2025), which intro-
duces an external decision-making module during
inference to assign tasks to different expert models
according to input features (Zhang et al., 2025b;
Liang et al., 2025; Wang et al., 2025).

Despite improving reasoning efficiency, existing
methods still face the following challenges:
❶ Optimization Objective Conflicts. Many re-
inforcement learning-based methods (Team et al.,
2025; Yi et al., 2025; Arora and Zanette, 2025)
use a single model to simultaneously pursue accu-
racy and efficiency. Because these goals are often
inherently competing, this approach can lead to
conflicting optimization signals and training insta-
bility (Dai et al., 2025; Lu et al., 2025), leading to
unsatisfactory model performance.
❷ Limited Adaptability. While model merging
can effectively combine different capabilities (Wu
et al., 2025), the resulting static weights may limit
model flexibility in handling problems with varying
difficulties. Similarly, model routing often relies
on coarse, binary decisions (e.g., selecting a short
or long reasoning path) (Zhang et al., 2025b; Liang
et al., 2025), which can restrict their capacity for
fine-grained real-world problem complexities.

To address these issues, this paper focuses on
the following core research question:

How can we resolve the optimization conflict be-
tween reasoning depth and efficiency, and achieve
fine-grained adaptation to problem complexity?

To this end, we propose AdaMix, an adaptive rea-
soning framework based on a decoupled strategy.
❶ To mitigate optimization conflicts, we employ
a decoupled optimization approach guided by spe-
cialized dynamic reward functions. Specifically,
we independently train two adapter modules with
distinct behavioral preferences: a short adapter op-
timized for generating efficient and concise rea-
soning paths, and a long adapter specialized in
solving complex problems with in-depth reasoning.
❷ To overcome the limitations of adaptability, we
introduce a difficulty-aware routing model. This

model learns to perceive the intrinsic complexity
of the input to predict a complexity coefficient,
which drives the linear interpolation between the
two adapters, enabling AdaMix to activate a mixed
adapter matching the problem’s complexity.

Our experiments demonstrate that AdaMix re-
duces inference costs while maintaining or even
enhancing reasoning performance. For instance,
on the GSM8K and AIME25 datasets, AdaMix
reduces response length by over 70% and 42%,
respectively, while simultaneously improving accu-
racy by 0.7% and 4.8%. Notably, AdaMix outper-
forms strong baselines, such as ShorterBetter and
TLMRE, by at least 30% in the accuracy-efficiency
score. As illustrated in Figure 1, AdaMix achieves
a superior accuracy-efficiency trade-off compared
to baselines on average across five datasets.

Our contributions can be summarized as follows:

• Dual-Adapter Decoupled Optimization. We
propose a decoupled optimization strategy with
specialized dynamic rewards to train two distinct
adapters, optimizing them separately for concise-
ness and deep reasoning capabilities.

• Fine-Grained Adaptive Reasoning. We intro-
duce a difficulty-aware routing model that pre-
dicts a complexity coefficient to drive the linear
interpolation of adapter weights, achieving fine-
grained adaptive reasoning.

• Favorable Accuracy-Efficiency Trade-off. Ex-
periments on five mathematical datasets demon-
strate that AdaMix reduces the average response
length by 54.9% while simultaneously improving
accuracy by up to 4.8%.

2 Preliminaries

2.1 Controllable Reasoning

The core objective of controllable reasoning is to
steer the behavior of a large reasoning model to
align with specific efficiency and accuracy require-
ments. A primary mechanism for achieving this
control is through the design of the reward function
that guides policy optimization. A general formu-
lation for such a reward function, R(y|x), for a
response y given an input x, can be expressed as:

R(y|x) = Racc(y|x) + wlen ·Rlen(y|x) (1)

Here, Racc(y|x) is a binary accuracy reward, yield-
ing 1 if y is correct and 0 otherwise. Rlen(y|x) is a
length-based reward component, typically designed
to penalize responses that are excessively long.
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Figure 2: Overview of the AdaMix framework.

The key to achieving adaptability lies in the term
wlen, which acts as a control knob for the model’s
behavior. By adjusting this weighting factor, it is
possible to modulate the model’s reasoning style:
a high wlen value encourages concise and efficient
responses by penalizing length, while a low wlen
value permits more elaborate reasoning trajectories
to enhance accuracy.

2.2 Parameter-Efficient Adapter Merging

Parameter-Efficient Fine-Tuning (PEFT) methods
like Low-Rank Adaptation (LoRA) (Hu et al.,
2022) allow adapter parameters to be manipulated
algebraically. This enables model merging, a tech-
nique that combines specialist adapters into a single
module by operating directly on their weights, of-
ten without requiring additional training (Ilharco
et al., 2023; Yadav et al., 2023; Yu et al., 2024).

A straightforward yet effective merging tech-
nique is Task Arithmetic. In this framework, the
learned parameters of an adapter are treated as a
task vector (θ) representing a specific direction
in the parameter space. Given two task vectors,
adapter A (θA) and adapter B (θB), each special-
ized for a different behavior, a new mixed adapter
(θmixed) can be created via their weighted sum:

θmixed = α · θA + (1− α) · θB, where α ∈ [0, 1] (2)

The mixing weight α determines the magnitude
of each task vector’s contribution, allowing for a
smooth transition between the behaviors of the two
source adapters.

3 AdaMix Framework

Figure 2 presents an overview of the proposed
AdaMix framework. We first employ a decoupled
optimization strategy (▷ Section 3.1) to indepen-
dently train an efficiency-oriented short adapter (▷
Section 3.2) and an accuracy-oriented long adapter
(▷ Section 3.3). Subsequently, we introduce a
continuous interpolation mechanism and train a
difficulty-aware router (▷ Section 3.4). Finally, this
router learns to map each problem to a complexity
coefficient, thereby activating an adapter instance
that aligns with the required reasoning intensity for
adaptive inference (▷ Section 3.5).

3.1 Decoupled Optimization Strategy
Simultaneously optimizing a single model for both
reasoning depth (accuracy) and conciseness (effi-
ciency) is often challenging (Dai et al., 2025), as
the two objectives can interfere with each other
during the reinforcement learning (RL) process. To
mitigate this optimization conflict, we propose a
decoupled optimization strategy that separates the
acquisition of distinct reasoning capabilities.

To operationalize this strategy, we first estab-
lish capability-aligned training environments via
difficulty-based data stratification. Adopting the
LLM-based automatic scoring approach from (Gao
et al., 2025; He et al., 2025), we quantify problem
complexity to partition the training data into an
easy subset, Deasy, and a hard subset, Dhard (de-
tails in Appendix A.2.1). Building on this setup, we
denote the target long-reasoning model as πL and
employ Low-Rank Adaptation (LoRA) (Hu et al.,
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2022) based on Group Relative Policy Optimiza-
tion (GRPO) (Shao et al., 2024) to independently
train the two adapters on their respective datasets.

3.2 Efficiency-Oriented Short Adapter
Data Selection. To compress reasoning trajecto-
ries without compromising correctness, we propose
an intrinsic complexity matching strategy for data
selection. We hypothesize that every problem pos-
sesses an inherent reasoning complexity, which can
be effectively approximated by a more concise ref-
erence model πS acting as an efficiency baseline
for our target reasoning model πL. For instance,
when πL is a reasoning model like DeepSeek-R1-
Distill-Qwen (Guo et al., 2025), πS corresponds
to its non-reasoning counterpart, Qwen2.5-Math-
Instruct (Yang et al., 2024).

We focus the optimization on the intersection
of capabilities between the two models, defined as
Dshort = {x ∈ Deasy | Yc

L(x) ̸= ∅ ∧ Yc
S(x) ̸= ∅},

where Yc
L(x) and Yc

S(x) denote the sets of cor-
rect solutions generated by πL and πS , respectively.
This ensures the short adapter focuses only on prob-
lems having concise reasoning feasibility.

Dynamic Relative Constraint. Instead of a static
length penalty, we implement a dynamic length
budget based on the problem’s intrinsic complex-
ity. We define a problem-specific reference length
Lref (x) derived from the average correct response
length l(·) of πS , adjusted by a tolerance margin δ:

Lref(x) =

∑
y∈Yc

S
(x) l(y)

|Yc
S(x)|

+ δ, ∀x ∈ Dshort (3)

Here, the tolerance δ adapts dynamically to the
group accuracy (accG), formulated as δ ∝ (1 −
accG), allowing larger length when model accuracy
is low. We define the length reward function as:

RS
len(y|x) = Ic(y) · (1− λ ·max(0, ℓ(y)− Lref(x))) (4)

where Ic(·) is the correctness indicator and λ > 0 is
a coefficient that controls the strength of the length
penalty. As illustrated in Figure 3 (top), this reward
function only penalizes redundant reasoning tra-
jectories that exceed the difficulty-aware threshold,
while directly assigning a reward of 0 to incorrect
responses. Such a mechanism guides the adapter to
converge towards the minimal sufficient reasoning
trajectory dictated by the problem’s complexity.

3.3 Accuracy-Oriented Long Adapter
Data Selection. To extend the reasoning bound-
aries on complex tasks, we propose a capability-
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Figure 3: The short adapter utilizes a dynamic reference
length to exclusively penalize redundant tokens, while
the long adapter employs a capability-gated penalty to
ensure sufficient reasoning depth for complex problems.

prioritized optimization strategy. We direct the
training focus towards the model’s reasoning fron-
tier, targeting instances where the policy πL demon-
strates potential but lacks consistency. Thus, we
define the target subset Dlong as the collection of
problems where the model achieves partial success.
Formally, the optimization domain is defined as
Dlong = {x ∈ Dhard | 0 < |Yc

L(x)| < |YL(x)|},
where YL(x) and Yc

L(x) denote the sets of gener-
ated solutions and correct solutions, respectively.
This formulation effectively filters out both fully
mastered and currently intractable instances.

Capability-Gated Optimization. Within this do-
main, while accuracy is paramount, unregulated
exploration often leads to inefficient over-thinking
or unbounded generation. To mitigate this, we de-
fine the length reward function as:

RL
len(y|x) = I(accG ≥ τ) · Ic(y) · σ

(
−κ · ℓ(y)−µL

σL

)
(5)

where µL and σL are the mean and standard de-
viation of correct response lengths in the group.
κ > 0 is a hyperparameter controlling the penalty
steepness, and σ(·) is the sigmoid function. As
displayed in the bottom of Figure 3, this design in-
troduces a capability-gated preference mechanism.
By gating the length penalty with the group accu-
racy accG relative to a threshold τ , this mechanism
ensures the optimizer prioritizes consolidating cor-
rect reasoning before refining its conciseness.

3.4 Interpolation and Router Training
Parametric Adapter Interpolation. With the
adapters θS and θL specialized for efficiency and
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capability, respectively, we utilize task arithmetic to
establish a continuous interpolation mechanism be-
tween them (We compare different merging meth-
ods in Appendix B.6). We treat the optimized
adapters as basis vectors in the parameter domain.
Any intermediate reasoning strategy θα can be syn-
thesized via linear interpolation:

θα = α · θL + (1− α) · θS , where α ∈ [0, 1] (6)

Here, the interpolation weight α acts as a complex-
ity coefficient that governs the model’s reasoning
intensity. As α increases from 0 to 1, the model’s
parameters smoothly transition from the efficiency-
oriented configuration to the deep reasoning, en-
abling a continuous scaling of reasoning intensity.

Difficulty-Aware Router Training. To enable
autonomous difficulty perception and reasoning
intensity adjustment, we employ a BERT-based
routing model Mroute. This model maps each prob-
lem instance x to a suitable complexity coefficient
α∗(x), aiming to balance solution accuracy and
computational cost. We formalize this objective
using a scalar utility function U(x, α):

U(x, α) = Ic(yα)
︸ ︷︷ ︸

Solution Accuracy

− β · ℓ̄(yα)
Lmax︸ ︷︷ ︸

Efficiency Penalty

(7)

where yα is the response generated by the mixed
adapter θα, ℓ̄(yα) is the average response length,
Lmax is a maximum length for normalization, and
β ≥ 0 is a preference coefficient for efficiency.

During the training phase, we utilize this util-
ity function to construct ground-truth labels. For
practical implementation, we discretize the con-
tinuous range of α into a candidate set A (e.g.,
{0, 0.1, . . . , 1.0}) and treat routing as a classifica-
tion task. The model is optimized to minimize the
cross-entropy loss between its predicted probabil-
ity distribution P (·|x) and the target label derived
from the coefficient α∗(x) = argmaxα U(x, α):

Lroute = Ex∼D
[
−∑

αi∈A I(αi = α∗(x)) logP (αi|x)
]

(8)

3.5 Adaptive Inference
During the inference phase, the trained router oper-
ates in concert with the parameterized adapters to
achieve instance-level adaptive reasoning.
Dynamic Adapter Composition. For a given prob-
lem x, the router selects the target complexity coef-
ficient α̂(x) = argmaxαi∈A P (αi|x). By dynam-
ically loading the corresponding adapter θα̂, the

base model is transformed into an instance-specific
active model πactive = πL + θα̂. This mechanism
enables the model to apply efficiency-oriented poli-
cies (α̂→ 0) for simple problems and deep reason-
ing strategies (α̂→ 1) for complex ones.
Efficient Serving via Grouping. To mitigate the
overhead of switching adapters per sample, we im-
plement a request grouping strategy similar to S-
LoRA (Sheng et al., 2024). In a batch processing
scenario, the router first predicts α̂ for all pending
requests. Requests sharing the same target weight
are then grouped into sub-batches and processed
in parallel using the corresponding shared adapter
parameters. This approach is compatible with in-
ference frameworks supporting multi-LoRA (e.g.,
vLLM), allowing for the efficient handling of het-
erogeneous request streams with negligible latency
overhead (detailed latency and throughput analyses
are provided in Appendix B.7).

4 Experimental Evaluation

4.1 Experimental Setup

We largely follow the settings of recent work like
Yi et al. (2025) and Arora and Zanette (2025) to
ensure a fair and rigorous comparison.

Models. We select DeepSeek-R1-Distill-Qwen-
1.5B / 7B (Guo et al., 2025) (hereafter R1-Distill-
Qwen) and their base models Qwen2.5-Math-
Instruct (Yang et al., 2024) for evaluation. Addi-
tionally, we apply AdaMix to DeepSeek-R1-Distill-
Llama-8B and Qwen3-4B (Yang et al., 2025a) to
verify its generality across different backbones.

Training Data. Using difficulty annotations from
DeepMath-103K (He et al., 2025), we construct an
easy subset Dshort and a hard subset Dlong to train
the short and long adapters, respectively. A sepa-
rate uniform subset is sampled to train the router.

Implementation Details. Our experiments are
implemented using the veRL (Sheng et al., 2025)
framework on 8 NVIDIA A6000 GPUs. Detailed
training configurations and other hyperparameters
are provided in Appendix A.6.

Baselines. We compare our method against sev-
eral representative baselines: ❶ DPO (Rafailov
et al., 2023) aligns the model to prefer shorter
correct answers via preference pairs. ❷ Shorter-
Better (Yi et al., 2025) uses RL with the shortest
sampled correct response as a dynamic reward. ❸

TLMRE (Arora and Zanette, 2025) employs RL
to directly penalize token length. ❹ ModelMerg-
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ing (Wu et al., 2025) statically fuses a reasoning
model with a concise model without training. ❺

CoT-Valve (Ma et al., 2025) modulates CoT length
by scaling a specific LoRA update vector via task
arithmetic. ❻ SwitchCoT (Zhang et al., 2025b)
uses an external classifier to select between long
and short reasoning strategies. Further details on
these baselines are provided in Appendix A.5.

Evaluation. We evaluate all methods on five mathe-
matical benchmarks spanning from primary school
to Olympic competition levels: GSM8K (Cobbe
et al., 2021) test set, MATH500 (Hendrycks et al.,
2021b), AMC 2023, AIME 2024, and AIME 2025.
We report accuracy (pass@1), response length, and
the accuracy-efficiency score (AES) (Luo et al.,
2025), a metric quantifying the efficiency-accuracy
trade-off. Detailed sampling configurations and
metric definitions are provided in Appendix A.3
and Appendix A.4, respectively.

4.2 Main Results

As shown in Figure 4, AdaMix outperforms most
baselines in terms of both accuracy and length re-
duction across varying problem difficulties. While
methods like CoT-Valve effectively compress in-
ference length, they typically fail to yield accuracy
gains. In contrast, our long adapter is specifically
designed to tackle problems that are intrinsically
difficult for the model, thereby elevating the accu-
racy upper bound. This ensures that AdaMix main-
tains robust performance even on computationally

Method
Average

∆Acc. ∆#Tok. AES ↑

Qwen2.5-1.5B-Math-Ins - - -

R1-Distill-Qwen-1.5B 0.0% 0.0% 0.00
+ DPO -7.2% -41.2% 0.15
+ ShorterBetter -17.5% -83.6% 0.26
+ TLMRE -0.3% -28.2% 0.26
+ ModelMerging -11.1% -56.9% 0.13
+ CoT-Valve -5.4% -40.0% -0.10
+ SwitchCoT -0.4% +7.4% 0.22
+ AdaMix +1.2% -54.2% 0.58

Qwen2.5-7B-Math-Ins - - -

R1-Distill-Qwen-7B 0.0% 0.0% 0.00
+ DPO -5.7% -30.1% 0.16
+ ShorterBetter -9.3% -66.0% 0.44
+ TLMRE -0.9% -32.2% 0.29
+ ModelMerging -10.4% -53.3% 0.25
+ CoT-Valve -4.1% -43.2% 0.33
+ SwitchCoT -0.1% -20.2% 0.20
+ AdaMix +1.9% -54.9% 0.59

Table 1: Comparison of accuracy improvement (∆Acc.),
token reduction (∆#Tok.), and AES score averaged
across five math benchmarks. Full detailed results per
dataset are provided in Appendix Table 8.

intensive benchmarks (e.g., AIME).
Results in Table 1 further corroborate these ob-

servations. Compared to the original 1.5B and 7B
baselines, AdaMix reduces the average response
length by 54.2% and 54.9%, while increasing
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Backbone MATH500 AIME24 AIME25

Acc. #Tok. Acc. #Tok. Acc. #Tok.

R1-Llama-8B 86.7 3675 46.7 12717 30.0 11595
+ AdaMix 88.2 2164 53.3 7344 33.3 7492

Qwen3-4B 93.4 4696 64.3 11523 55.6 12476
+ AdaMix 92.5 2577 62.0 8029 58.3 7863

Table 2: Generalization performance across different
backbones on MATH500, AIME24, and AIME25.
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Figure 5: The weight α modulates the model’s behavior
between efficiency and accuracy on MATH500.

the average accuracy by 1.2% and 1.9%, respec-
tively. Furthermore, AdaMix achieves the high-
est Accuracy-Efficiency Scores of 0.58 and 0.59
across the two scales. This result significantly out-
performs baselines such as ShorterBetter.

4.3 Generality and Insights

Across Different Model Backbones. We further
applied AdaMix to DeepSeek-R1-Distill-Llama-
8B and Qwen3-4B to verify its universality. As
shown in Table 2, AdaMix consistently achieves
substantial length reduction across different back-
bones on both datasets while maintaining compa-
rable or better accuracy. This demonstrates the
good robustness of our framework across different
model architectures, with results on more datasets
provided in Appendix B.4.

Generalization to Other Domains. We evaluated
AdaMix on Code, Science, and General Knowl-
edge tasks (dataset details in Appendix A.2.2). The
sustained length reduction (Table 3) indicates that
the distinct reasoning patterns captured by the two
adapters are transferable across domains. While
direct transfer caused a slight accuracy drop due to
domain-specific difficulty shifts, fine-tuning only
the lightweight router on a small mixed-domain
dataset effectively resolved this. The updated router
recalibrates difficulty criteria across domains, re-
covering accuracy while preserving efficiency. This
demonstrates that AdaMix enables efficient gener-
alization by simply updating the router, without

Method LiveCodeBench GPQA-Diamond MMLU

Pass@1 #Tok. Acc. #Tok. Acc. #Tok.

R1-Qwen-7B 36.7 8870 45.3 4485 62.4 1472

AdaMix 34.0 5123 43.2 2274 61.3 865
(Zero-Shot) (-42%) (-49%) (-41%)

AdaMix 35.6 5364 47.8 2485 64.7 972
(+ Router-FT) (-40%) (-45%) (-34%)

Table 3: Performance on other domain tasks. We com-
pare the base model with AdaMix in Zero-Shot (math-
trained only) and Router-FT (router fine-tuned).

Level 1 Level 2 Level 3 Level 4 Level 5
Problem Difficulty Level (High Level is Hard)

0.0

0.2

0.4

0.6

0.8

1.0

In
te

rp
ol

at
io

n 
Pr

op
or

ti
on

Long Adapter ( ) Short Adapter (1- ) Avg. Tokens

0.0

0.6

1.2

1.8

2.4

3.0

#
 Tokens (×

1000)

Figure 6: Interpolation proportions of short and long
adapters across difficulty levels on MATH500.

retraining the adapters.

Can the Weight α Modulate Behavior? As
shown in Figure 5, adjusting the interpolation
weight modulates the model’s reasoning behavior
between the short and long adapters. For lower-
difficulty problems (Levels 1–3), incorporating a
significant portion of the short adapter can reduce
response length with minimal impact on accuracy.
In contrast, for high-difficulty problems (Levels
4–5), while the long adapter’s contribution remains
essential, introducing a small proportion of the
short adapter can still shorten response length, al-
beit with an associated accuracy trade-off. This
highlights the interpolation weight’s role in bal-
ancing efficiency and accuracy when addressing
problems of varying difficulty.

Can the Router Judge Problem Difficulty? Fig-
ure 6 shows the interpolation proportions selected
by the router across five difficulty levels. For the
simplest problems (Level 1), the router assigns a
dominant weight to the short adapter. As difficulty
increases, the proportion of the long adapter rises
correspondingly. By Level 5, the long adapter be-
comes the primary contributor. This indicates that
the router effectively maps difficulty to reasoning
strategy, prioritizing efficiency for simple tasks and
depth for complex ones.
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Figure 7: Layer-wise visualization of adapter weight updates. The panels display the magnitude of weight updates
(left), the maximum singular value (center), and the cosine similarity between the two adapters (right).

Internal Representation Visualization. We vi-
sualized the layer-wise weight updates of the two
adapters to examine their internal representations
(Figure 7). Observations show that the short
adapter’s updates are concentrated in shallow-to-
middle layers, whereas the long adapter exhibits
dominant magnitudes in deeper layers. Crucially,
the cosine similarity between their weight matrices
remains near zero across all layers, indicating that
their parameter update directions are nearly orthog-
onal. This confirms that the decoupled training
effectively induces distinct internal features for the
two adapters.

4.4 More Analysis
Sensitivity Analysis. We conducted a comprehen-
sive sensitivity analysis on the key hyperparameters
of our reward functions, including the penalty co-
efficient λ, steepness factor κ, accuracy threshold
τ , and length reward weight wlen. The results, de-
tailed in Appendix B.1, demonstrate that AdaMix
maintains robust performance across a reasonable
range of parameter values.
Qualitative Analysis. We provide qualitative ex-
amples in Appendix D to show how AdaMix adap-
tively adjusts reasoning trajectories across varying
problem complexities.
Routing Capability Comparison. To further eval-
uate the effectiveness of our routing mechanism,
we compared it against a strong frontier model
(GPT-5 via API) acting as a router. Although GPT-
5 achieves a more aggressive token reduction, it
leads to a significant degradation in accuracy, re-
sulting in a lower Accuracy-Efficiency Score (AES)
than our BERT-based router (Table 4).

5 Related Work

Large Reasoning Models. Large Language
Models that excel at complex logic and multi-

Router ∆Acc. ∆#Tok. AES

Our BERT +1.2% -54.2% 0.58
GPT-5 -5.7% -60.4% 0.50

Table 4: Comparison with a strong frontier model router.

step reasoning are often referred to as Large Rea-
soning Models (LRMs). They generate detailed
Chains of Thought (CoT) (Wei et al., 2022) by
explicitly outlining intermediate reasoning steps,
mimicking human “System 2” cognition (Zhang
et al., 2025a). Prominent examples include Ope-
nAI’s GPT-o1 (Jaech et al., 2024), DeepSeek-AI’s
DeepSeek-R1 (Guo et al., 2025), and the Qwen
team’s QwQ (Yang et al., 2025a), which have
demonstrated strong performance on challenging
benchmarks. However, while beneficial for com-
plex problems, this detailed reasoning approach can
lead to overthinking(Chen et al., 2025)—produc-
ing excessively long responses for simpler tasks,
hindering their practical efficiency in resource-
constrained or latency-sensitive scenarios.

Efficient Reasoning for LRMs. To address the
issue of overthinking, various approaches have
been proposed to reduce response length while pre-
serving accuracy. One line of research applies re-
inforcement learning (RL) with length constraints.
For instance, O1-Pruner (Luo et al., 2025) intro-
duces a length-harmonizing reward, ShorterBet-
ter (Yi et al., 2025) uses the shortest correct sample
for guidance, and LCPO (Aggarwal and Welleck,
2025) aligns outputs with pre-defined token bud-
gets. ThinkPrune (Hou et al., 2025) dynamically re-
stricts token usage during training via multi-round
fine-tuning. Model merging offers an alternative,
training-free solution by statically combining a
slow-thinking model with a fast-thinking one (Wu
et al., 2025). Techniques such as task vector merg-
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ing (Ilharco et al., 2023) and singular value de-
composition (SVD)-based merging (Stoica et al.,
2025; Qiu et al., 2025) integrate the parameters of
multiple models into a single one (Marczak et al.,
2025; Lee et al., 2025). Another strategy is model
routing, which employs a dedicated module to de-
cide whether an input should be handled by a long-
reasoning expert or a short-reasoning one (Ong
et al., 2025; Liang et al., 2025).

6 Conclusion

We introduce AdaMix, a framework that addresses
LRM overthinking via parametric adapter interpo-
lation. By utilizing a difficulty-aware router to
blend efficiency and accuracy adapters, AdaMix
achieves fine-grained control over reasoning strate-
gies. Experimental results confirm an effective
accuracy-efficiency trade-off, reducing response
length without compromising performance.

Limitations

We discuss several limitations of our work in this
section: (1) Domain-Specific Calibration. Al-
though the distinct reasoning patterns captured by
the Short and Long adapters demonstrate trans-
ferability across tasks, the router’s perception of
problem difficulty is inherently domain-dependent.
Consequently, extending AdaMix to significantly
different domains typically necessitates lightweight
fine-tuning of the routing module to recalibrate the
difficulty mapping. (2) Discrete Reasoning Granu-
larity. Our framework currently utilizes a discrete
set of fusion weights, which theoretically limits the
continuous modulation of reasoning behavior com-
pared to a continuous regression approach. Never-
theless, empirical observations indicate that the cur-
rent discrete resolution is sufficient to effectively
distinguish between the necessary reasoning depths
for standard benchmarks.

Ethical Considerations

All models and datasets utilized in this work are
publicly available and used in strict adherence to
their respective licenses. While our framework fo-
cuses on optimizing the efficiency of Large Reason-
ing Models, we acknowledge that the underlying
base models may still exhibit inherent biases or hal-
lucinations, though we do not foresee significant
ethical risks arising directly from this study.
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A Additional Experimental Details

A.1 Environment

All experiments were conducted on a server
equipped with 8 NVIDIA A6000 GPUs, Our im-
plementation is built upon the veRL (Sheng et al.
2025) framework.

A.2 Dataset Details

This section provides detailed specifications of the
datasets used for training and evaluating our pro-
posed framework.

A.2.1 Training Dataset.
We utilize DeepMath-103K as our primary train-
ing corpus. This is a large-scale mathematical in-
struction tuning dataset curated to advance reason-
ing capabilities in Large Reasoning Models. It
comprises approximately 103,000 mathematical
problems spanning diverse topics. Each problem
in the dataset is annotated with a difficulty score

# CONTEXT#
I am a teacher, and I have some high-level olympiad

math problems.↪→
I want to evaluate the difficulty of these math

problems. There are some references available
regarding the difficulty of the problems:
<difficulty reference>

↪→
↪→
↪→
## Examples for difficulty levels
For reference, here are problems from each of the

difficulty levels 1-10:↪→
## Some known difficulty ratings of the competitions.
(Too long to show...)
</difficulty reference>
# OBJECTIVE#
A. Summarize the math problem in a brief sentence,

describing the concepts involved in the math
problem.

↪→
↪→
B. Based on the source of the given problem, as well

as the difficulty of the problems referenced in
these materials and the solution to the current
problem, please provide an overall difficulty
score for the current problem. The score should be
a number between 1 and 10, with increments of 0.5,
and should align perfectly with the materials.

↪→
↪→
↪→
↪→
↪→
↪→
# STYLE#
Data report.
# TONE#
Professional, scientific.
# AUDIENCE#
Students. Enable them to better understand the

difficulty of the math problems.↪→
# RESPONSE: MARKDOWN REPORT#
## Summarization
[Summarize the math problem in a brief paragraph.]
## Difficulty
[Rate the difficulty of the math problem and give the

reason.]↪→
# ATTENTION#
- Add "=== report over===" at the end of the report.

<math problem>
[Question]:
{{Question Here}}
[Solution]:
{{Solution Here}}
[Source]:
{{Source Here}}
</math problem>

Figure 1: The prompt used for automatic difficulty
scoring of mathematical problems.

[2-5]

1

Figure 8: The detailed difficulty classification prompt.

d(x) ∈ [1.0, 10.0], enabling the precise stratifi-
cation required by our decoupled training strat-
egy. Specifically, we partition the dataset into an
Easy Subset (problems with d(x) ≤ 5.5) for the
short adapter and a Hard Subset (problems with
d(x) > 5.5) for the long adapter.

For datasets lacking difficulty annotations, we
automate the scoring process using LLM (e.g.,
gpt4o). We adopt the methodology from recent
work on LLM-based data processing (Gao et al.,
2025; He et al., 2025), which uses a detailed prompt
to instruct a model to assign a difficulty score from
1.0 to 10.0 for each problem. The prompt used for
this task is shown in Figure 8.

A.2.2 Evaluation Benchmarks.
We employ a comprehensive set of benchmarks to
evaluate the model’s performance across varying
difficulty levels and domains.
❶ GSM8K. A dataset (Cobbe et al., 2021) consist-
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Dataset Domain Size License

DeepMath-103K Math 103,111 MIT
GSM8K Math 1,319 MIT
MATH500 Math 500 MIT
AMC23 Math 40 ©MAA
AIME24 Math 30 ©MAA
AIME25 Math 30 ©MAA
LiveCodeBench Code 1055 MIT
GPQA-Diamond Science 198 MIT
MMLU General 5,700 MIT

Model License

DeepSeek-R1-Distill-Qwen-1.5B / 7B MIT
Qwen2.5-Math-Instruct-1.5B / 7B Apache 2.0
DeepSeek-R1-Distill-Llama-8B MIT
Qwen3-4B MIT

Table 5: Datasets and models used in this work.

ing of 8.5k high-quality grade school math word
problems. We evaluate on the standard test set
of 1,319 examples, a widely used benchmark for
multi-step reasoning.
❷ MATH500. A curated subset (Lightman et al.,
2024) of 500 problems from the MATH dataset,
covering seven subjects including Algebra, Geom-
etry, and Number Theory. It provides a representa-
tive evaluation of advanced mathematical reasoning
across varying difficulties.
AMC23. This dataset consists of 40 problems se-
lected from the 2023 AMC 12A and 12B contests.
Targeting students in grade 12 and below, these ex-
ams feature challenges in algebra, geometry, num-
ber theory, and combinatorics, serving as a standard
benchmark for high-school competition difficulty.
AIME24 / AIME25. These datasets are special-
ized benchmark collections derived from the 2024
and 2025 American Invitational Mathematics Ex-
aminations, respectively. Covering core secondary-
school mathematics topics such as arithmetic, com-
binatorics, algebra, geometry, number theory, and
probability, these collections place rigorous de-
mands on both solution accuracy and conceptual
depth. They are frequently employed to distinguish
the upper limits of frontier reasoning models.
❹ LiveCodeBench. A holistic benchmark (Jain
et al., 2025) for code generation that collects prob-
lems from recent programming contests to prevent
data contamination. We use this dataset to evaluate
the model’s ability to transfer its reasoning patterns
to code generation tasks.
❺ GPQA. A challenging dataset (Rein et al., 2024)
containing biology, physics, and chemistry ques-
tions written by domain experts. It is designed to be
resistant to simple retrieval and requires high-level

scientific reasoning.
❻ MMLU. A massive multitask bench-
mark (Hendrycks et al., 2021a) covering 57
subjects across STEM, the humanities, and social
sciences. We use it to verify the model’s general
knowledge understanding and robustness.

A.3 Sampling Settings
For all evaluations, we employ a consistent sam-
pling configuration with a temperature of 0.6 and a
top-p of 0.95. To minimize variance and ensure sta-
tistical stability, the reported metrics are averaged
over multiple independent sampling runs for each
question: 6 runs for large-scale datasets and 12
runs for smaller competition datasets (AMC 2023,
AIME 2024, AIME 2025).

A.4 Evaluation Metrics Details.
Pass@K. To reliably estimate the functional cor-
rectness of the models, we employ the Pass@K
metric. Given a problem, we generate n solutions
(n ≥ k) and count the number of correct solutions
c. The unbiased estimator for Pass@K (Chen et al.,
2021) is calculated as:

Pass@k := E
Problems

[
1−

(
n−c
k

)
(
n
k

)
]

(9)

In our main experiments, we report the Pass@1
metric (k = 1) to reflect the expected accuracy.

AES. We adopt the Accuracy-Efficiency Score
(AES) (Luo et al., 2025) to evaluate the effective-
ness of reasoning compression. This metric quanti-
fies whether the model can reduce response length
without sacrificing accuracy.

The AES is derived from the percentage changes
in output length (∆L) and accuracy (∆A) relative
to the baseline model:

∆L =
Lbase − Lmodel

Lbase
, ∆A =

Amodel −Abase

Abase
(10)

where L and A denote the average token count and
accuracy, respectively.

Based on these variations, the AES is defined as:

AES =

{
φ ·∆L+ η · |∆A| if ∆A ≥ 0

φ ·∆L− θ · |∆A| if ∆A < 0
(11)

In our experiments, we set the parameters to φ = 1,
η = 1, and θ = 1.5. The condition θ > η imposes
a stricter penalty for accuracy loss compared to the
reward for accuracy gain, ensuring efficiency gains
do not compromise reasoning reliability.
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A.5 Baselines Details

This section provides a more detailed description of
the baseline methods compared in our experiments.
❶ DPO: DPO (Rafailov et al., 2023) is a preference
alignment method that eliminates reward modeling.
For reasoning efficiency, we adapt it by creating
preference pairs from responses to the same prob-
lem: shorter correct answers are preferred over
longer ones. The model is fine-tuned to favor con-
cise responses.
❷ ShorterBetter: This is a reinforcement learn-
ing (RL) method (Yi et al., 2025) designed to teach
models to find their own efficient reasoning lengths.
Its core contribution is the concept of Sample Op-
timal Length (SOL). For each prompt, multiple
responses are generated, and the SOL is defined as
the length of the shortest correct response in that
sample set. This SOL then acts as a dynamic target
in a reward function that positively rewards correct-
ness while penalizing the deviation of a response’s
length from the SOL. The model is optimized with
on-policy RL like GRPO to produce correct, near-
optimal-length outputs.
❸ TLMRE: This approach (Arora and Zanette,
2025) also uses reinforcement learning to directly
incentivize shorter outputs. Its reward function
combines a standard binary reward for accuracy
with a direct penalty for the length of the response.
A key feature is that the length penalty is only ap-
plied to correct answers, ensuring that accuracy is
not unduly sacrificed. The length of each response
is normalized on a per-prompt basis to account for
varying problem difficulty. Controlled by a single
hyperparameter adjusting length penalty strength,
the method generates model families along the
accuracy-efficiency trade-off.
❹ ModelMerging: This is a training-free ap-
proach (Wu et al., 2025) that statically improves
efficiency by operating directly in the parameter
space. It merges two models with distinct character-
istics: a slow-thinking model proficient in detailed,
long-form reasoning and a fast-thinking model ca-
pable of generating concise answers. Merging usu-
ally uses linear interpolation of model weights (or
task vectors), creating a static model that combines
parent strengths to shorten responses without fur-
ther training or dynamic inference decisions.
❺ CoT-Valve: This method (Ma et al., 2025) aims
to decouple the reasoning length from the model’s
core capabilities by finding a length-controlling
direction ∆θ in the parameter space. It utilizes a

Parameter Value

RL Training Parameters

Length Reward Weight
(wlen)

3

Penalty Coefficient (λ) 0.5
Learning Rate 1× 10−5

Batch Size 128
Epochs 1
Cutoff Length 4096
Optimizer constant

LoRA Parameters

LoRA Rank (r) 64
LoRA Alpha (α) 128
LoRA Dropout 0.05
Target Modules q_proj, v_proj

Table 6: Training hyperparameters for the short adapter.

valve mechanism based on Low-Rank Adaptation
(LoRA). During tuning, it leverages a constructed
dataset (MixChain) containing reasoning paths of
varying lengths. During inference, the length of
the reasoning chain can be dynamically adjusted
by scaling the adapter weights using a coefficient
α (via task arithmetic), effectively compressing or
extending the CoT without retraining.
❻ SwitchCoT: This method (Zhang et al., 2025b)
employs a two-stage, modular framework. In the
first stage, a lightweight, independent classifier is
trained to analyze an input prompt and make a
binary decision: whether to use a long CoT or a
short CoT strategy. In the second stage, the main
reasoning model executes the inference based on
the classifier’s choice. The decision dictates which
prompt template is used to guide the main model,
either encouraging a detailed thought process or a
direct, concise answer. This strategy from reason-
ing but limits choices to hard binary selections.

A.6 Adapter Training

During the data generation stage for both adapters
(to constructDshort andDlong), we set the number of
candidate reasoning trajectories generated by each
model (πL and πS) to N=8 for each problem. The
specific hyperparameters for the RL training and
LoRA configuration for each adapter are detailed
in Tables 6 and 7. In terms of computational cost,
the training required approximately 40 hours for
the long adapter and 20 hours for the short adapter.
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Parameter Value

RL Training Parameters

Length Reward Weight
(wlen)

0.2

Accuracy Threshold (τ ) 0.3
Penalty Steepness (κ) 0.5
Learning Rate 1× 10−5

Batch Size 64
Epochs 1
Cutoff Length 24576
Optimizer constant

LoRA Parameters

LoRA Rank (r) 64
LoRA Alpha (α) 128
LoRA Dropout 0.05
Target Modules q_proj, v_proj

Table 7: Training hyperparameters for the long adapter.

A.7 Routing Model Training

The training of the routing model involves two
key stages: supervision data generation and model
fine-tuning. We define the set of candidate mix-
ing weights as A = {0, 0.1, ..., 0.9, 1}. The entire
training process is conducted on a dataset of 6,000
samples and takes approximately half an hour.
❶ Supervision Data Generation. In this offline
process, we generate the ground-truth labels for
training the router. To calculate the utility score
U(x, αi) for each problem-weight pair, we gener-
ate N=6 samples to obtain a stable accuracy and
average length. The preference coefficient β in the
utility function was set to 0.2.
❷ Model Fine-tuning. The routing model, built
on bert-base-uncased (Devlin et al., 2019), is fine-
tuned for 100 epochs with a learning rate of 2e-5
and a batch size of 64.

A.8 Reward Function Pseudocode

Algorithm 1 details the reward calculation logic.

B Additional Experiments

B.1 Sensitivity Analysis

To evaluate the robustness of AdaMix and verify
the rationality of our hyperparameter selection, we
conducted a sensitivity analysis on key parameters
governing the reward mechanism: the penalty coef-
ficient (λ) for the Short adapter, and the steepness
factor (κ) and accuracy threshold (τ ) for the Long

Algorithm 1 Reward Calculation Mechanism
Require: Response y, Group Accuracy accG
Require: Short Params: YS (Reference sam-

ples), λ, γ
Require: Long Params: Lbatch (Batch correct

lengths), τ, κ
Ensure: Reward R

1: racc ← I(y is correct)
2: if Optimizing Short Adapter then
3: // Filter correct reference samples
4: Yc

S ← {y′ ∈ YS | y′ is correct}
5: // Compute dynamic length threshold
6: lavg ← 1

|Yc
S |
∑

y′∈Yc
S
l(y′)

7: δ ← γ · (1− accG)
8: Lref ← lavg + δ
9: if y is correct then

10: rlen ← 1− λ ·max(0, l(y)− Lref )
11: else
12: rlen ← 0
13: end if
14: R← racc + wS

len · rlen
15: else if Optimizing Long Adapter then
16: rlen ← 0
17: if accG ≥ τ and y is correct then
18: µL, σL ← Mean(Lbatch), Std(Lbatch)
19: rlen ← σ

(
−κ · l(y)−µL

σL

)

20: end if
21: R← racc + wL

len · rlen
22: end if
23: return R

adapter. We also provide a detailed ablation on the
length reward weight (wlen) across different levels.

• Short Adapter (λ). As λ increases from 0.1 to
0.5, the trajectory moves horizontally to the left,
indicating significant token reduction (2.2k →
1.4k) with minimal accuracy loss. However, be-
yond λ = 0.5, the curve dips sharply downwards,
signaling a detrimental trade-off. This identifies
λ = 0.5 as the inflection point.

• Long Adapter (κ). The trajectory shows a grad-
ual shift towards higher efficiency. Increasing κ
up to 0.5 yields a reasonable reduction in tokens
while maintaining accuracy above 85.8%. Larger
κ values (> 0.5) push the model into a region
of diminishing returns where accuracy begins to
degrade.

• Long Adapter (τ ). The trajectory moves diag-
onally upwards. Lower τ values (0.1–0.2) sup-
press token usage but cap accuracy. Increasing
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Figure 9: Hyperparameter sensitivity analysis visualized as trajectories in the Accuracy-Efficiency plane. The plots
show the impact of varying λ for the Short adapter on MATH500 (Left), and varying κ (Center) and τ (Right) for
the Long adapter on AMC23. Color intensity indicates the parameter value.
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Figure 10: Impact of length reward weight (wlen) on
accuracy and response length. Top: Short adapter eval-
uated on MATH500. Bottom: Long adapter evaluated
on AMC23.

τ to 0.3 allows the model to reach a higher accu-
racy plateau (∼85.8%) with a moderate increase
in length, marking a balanced operating point
before the token cost becomes excessive.

• Length Reward Weight.We conducted a sensi-
tivity analysis on representative datasets of vary-
ing difficulty to investigate the impact of wlen.
For the Short adapter evaluated on the relatively
simple MATH500 benchmark, Figure 10 (Top)
shows that increasing wlen significantly reduces

length, yet accuracy begins to drop noticeably
beyond 3. For the Long adapter tested on the
more challenging AMC23 benchmark, Figure 10
(Bottom) reveals that a mild penalty (wlen = 0.2)
trims redundancy without hindering the deep rea-
soning required for complex problems, whereas
larger weights impair performance. Based on
these observations across different difficulty lev-
els, we adopted wlen = 3 and wlen = 0.2 as our
default settings.

B.2 Internal Representation Visualization
To investigate how the decoupled training strategy
impacts the underlying model parameters, we visu-
alized the layer-wise weight updates of the learned
short and long adapters. As illustrated in Figure 7,
we observe distinct patterns in their internal repre-
sentations:

• Layer-wise Distribution: The short adapter ex-
hibits weight updates that are primarily concen-
trated in the shallow and middle layers of the
network. In contrast, the long adapter shows a
marked increase in both weight magnitude and
maximum singular value in the deeper layers
(specifically after Layer 20), suggesting that its
parameter modifications are predominantly local-
ized in the final stages of the transformer.

• Parameter Orthogonality: A key observation
is that the cosine similarity between the weight
update matrices of the two adapters remains con-
sistently near zero across all layers. This indi-
cates that the update directions of the short and
long adapters are nearly orthogonal in the param-
eter space. Such separation implies that the two
adapters have acquired distinct internal features
without significant interference, validating the
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Method
GSM8K MATH500 AMC23 AIME24 AIME25 Average

Acc. #Tok. Acc. #Tok. Acc. #Tok. Acc. #Tok. Acc. #Tok. ∆Acc. ∆#Tok. AES ↑

Qwen2.5-1.5B-Math-Ins 75.5 354 68.9 601 53.3 1077 7.8 1020 8.9 941 - - -

R1-Distill-Qwen-1.5B 78.7 787 82.2 3837 66.7 8928 29.3 14358 23.9 14820 0.0% 0.0% 0.00
+ DPO 71.7 486 76.2 2380 59.7 5412 20.4 8694 16.7 7234 -7.2% -41.2% 0.15
+ ShorterBetter 68.5 216 62.0 515 40.0 1109 13.3 1928 9.7 2298 -17.5% -83.6% 0.26
+ TLMRE 80.4 672 81.0 2417 67.0 4821 27.8 11623 23.3 11222 -0.3% -28.2% 0.26
+ ModelMerging 77.1 512 75.4 1896 49.6 2768 9.4 4961 13.9 5273 -11.1% -56.9% 0.13
+ CoT-Valve 75.6 549 73.7 2668 61.4 4965 23.3 7285 20.0 8047 -5.4% -40.0% -0.10
+ SwitchCoT 77.5 813 82.5 4895 67.5 8138 27.8 15397 23.3 15984 -0.4% +7.4% 0.22
+ AdaMix 79.4 416 83.2 1557 67.5 2392 30.0 7476 26.7 8426 +1.2% -54.2% 0.58

Qwen2.5-7B-Math-Ins 91.3 304 81.8 687 61.3 1202 13.3 1511 10.0 1432 - - -

R1-Distill-Qwen-7B 88.0 623 88.8 2968 84.1 6284 46.3 11412 38.5 12869 0.0% 0.0% 0.00
+ DPO 85.8 375 87.3 2103 70.6 4316 40.0 8793 33.3 9381 -5.7% -30.1% 0.16
+ ShorterBetter 81.7 246 77.2 723 71.5 2003 38.8 4556 30.0 4442 -9.3% -66.0% 0.44
+ TLMRE 88.2 377 87.0 1832 82.5 3220 50.0 9614 33.3 10465 -0.9% -32.2% 0.29
+ ModelMerging 89.1 499 78.2 1320 69.5 2320 30.0 4302 26.7 4428 -10.4% -53.3% 0.25
+ CoT-Valve 87.9 368 85.6 1742 75.0 3462 43.3 6515 33.3 6937 -4.1% -43.2% 0.33
+ SwitchCoT 86.5 442 89.4 2091 82.5 4200 46.1 10988 40.6 12133 -0.1% -20.2% 0.20
+ AdaMix 88.7 174 88.5 1512 84.6 1847 50.0 6792 43.3 7460 +1.9% -54.9% 0.59

Table 8: Comparison on five math benchmarks, covering accuracy (Acc.), average response length (#Tok.), and
accuracy-efficiency score (AES). The best and second-best results are marked in bold and underlined, respectively.

Backbone GSM8K MATH500 AMC23 AIME24 AIME25 Average

Acc. #Tok. Acc. #Tok. Acc. #Tok. Acc. #Tok. Acc. #Tok. ∆Acc. ∆#Tok.

R1-Distill-Llama-8B
Base 90.7 929 86.7 3675 81.2 6790 46.7 12717 30.0 11595 - -

+AdaMix 89.4 213 88.2 2164 79.6 2045 53.3 7344 33.3 7492 +1.7% -53.1%

Qwen3-4B
Base 95.0 1428 93.4 4696 91.2 7034 64.3 11523 55.6 12476 - -

+AdaMix 96.2 356 92.5 2577 92.4 2308 62.0 8029 58.3 7863 +0.4% -50.9%

Table 9: Generalization performance across different model backbones. We report accuracy and token length across
five mathematical datasets and their average improvements.

effectiveness of the decoupled training approach
in learning specialized reasoning behaviors.

B.3 Detailed Experimental Results
Table 8 presents the comprehensive performance
breakdown across all five benchmarks for both
1.5B and 7B models. Consistent with the averaged
results, AdaMix demonstrates robust adaptability
across varying difficulty levels.

B.4 Generalization across Diverse Backbones
This section provides the per-dataset performance
breakdown for different model backbones, includ-
ing DeepSeek-R1-Distill-Llama-8B and Qwen3-
4B. As detailed in Table 9, AdaMix achieves signif-
icant token reduction across all five mathematical
benchmarks while maintaining or even improving

the baseline accuracy. These results further val-
idate that our decoupled reasoning framework is
architecture-agnostic.

B.5 Ablation Study on Data Filtering

To investigate the impact of our data filtering strate-
gies (i.e., filtering based on intrinsic complexity
and capability boundaries), we conducted an abla-
tion study. Table 10 presents the average results
across the five mathematical benchmarks. We com-
pared the full AdaMix framework against variants
without short adapter data filtering and without
long adapter data filtering. Additionally, we in-
cluded strong baselines (ShorterBetter and CoT-
Valve) for reference.
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Setting ∆Acc. ∆#Tok. AES

AdaMix +1.9% -54.9% 0.59
w/o short filtering +0.8% -50.3% 0.52
w/o long filtering +0.6% -48.7% 0.49
ShorterBetter -9.3% -66.0% 0.44
CoT-Valve -4.1% -43.2% 0.33

Table 10: Ablation study on the impact of data filtering
strategies. Results are averaged across the five evalua-
tion benchmarks.

B.6 Impact of Different Merging Methods
In the AdaMix framework, we employ Task Arith-
metic to enable continuous modulation of reason-
ing behaviors. To investigate the impact of model
merging techniques on experimental results, we
compared the following mainstream merging meth-
ods:

• Task Arithmetic: The weighted sum of task
vectors. By treating the weights of fine-tuned
models as vectors in the parameter space, this
approach (Ilharco et al., 2023) allows for arith-
metic operations like addition and subtraction
to combine or negate specific model capabilities
effectively.

• Ties-Merging: A method (Yadav et al., 2023) de-
signed to resolve parameter interference through
three steps: trimming redundant parameters
based on magnitude, resolving sign conflicts to
maintain direction consistency, and disjoint merg-
ing.

• DARE-Linear: A method (Yu et al., 2024) based
on "Drop And REscale". It randomly sets a frac-
tion of delta parameters to zero to reduce redun-
dancy and rescales the remaining parameters to
approximate the original embeddings, followed
by linear merging.

• SVD: A merging approach (Stoica et al., 2025)
based on Singular Value Decomposition, which
typically operates in the eigenspace of the weight
matrices. By decomposing the weight matrices
into singular vectors, this method can align the
internal representations of different models more
effectively than direct parameter averaging.

• Ties-SVD: A technique that combines the inter-
ference resolution mechanism of Ties-Merging
with the decomposition approach of SVD.

We integrated these different merging algorithms
into the AdaMix framework and evaluated their per-

Merging Method MATH500 AIME25

Acc. #Tok. Acc. #Tok.

Task Arithmetic 88.5 1512 43.3 7460
Ties-Merging 87.9 1345 45.6 7627
DARE-Linear 88.1 1578 40.6 7354
SVD 88.7 1694 43.3 7892
Ties-SVD 87.6 1625 40.0 7515

Table 11: Comparison of different adapter merging
methods on MATH500 and AIME25.

Module Latency (ms) Ratio

Backbone Generation 9520.0 ∼99.9%
Router Inference 8.4 ∼0.1%

Table 12: Latency comparison between router inference
and backbone model generation.

formance based on the DeepSeek-R1-Distill-Qwen-
7B model on the MATH500 and AIME25 datasets.
As shown in Table 11, while there are minor fluc-
tuations in accuracy and average response length
across different methods, the overall performance
differences are not significant.

B.7 Efficiency Analysis

We conducted two sets of experiments to ver-
ify the computational efficiency of the AdaMix
framework: (1) Router Latency Analysis, and (2)
Grouped Inference Efficiency. All experiments
were conducted on the MATH500 dataset using
a single NVIDIA A6000 GPU.

Router Latency Analysis. We first measured the
overhead introduced by the routing module itself.
We compared the average inference time of the
router against the average generation time of the
backbone model (DeepSeek-R1-Distill-Qwen-7B)
with a batch size of 1.

As shown in Table 12, the router requires signif-
icantly less time compared to the generation pro-
cess. The introduced latency is approximately 8.4
ms, which is less than 1% of the total inference
time. This confirms that the routing step does not
create a bottleneck in the overall pipeline.

Efficiency of Grouped Inference. To further val-
idate the efficiency of our request grouping strategy
in high-throughput scenarios, we compared the in-
ference throughput under two serving settings with
a batch size of 128:
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Strategy Throughput (req/s) Speedup

Naive Serving 5 1.0×
Grouped Serving 39 7.9×

Table 13: Throughput comparison between Naive and
Grouped serving strategies (Batch Size = 128).

Method Training FLOPs

Single-model DPO 1.683

AdaMix-Short Adapter 0.701
AdaMix-Long Adapter 1.753
AdaMix-Router 0.005
AdaMix (Total) 2.460

Table 14: Comparison of training FLOPs (DeepSeek-
R1-Distill-Qwen-7B).

• Naive Serving: Requests are processed sequen-
tially, switching the adapter parameters for each
request based on its target weight α̂.

• Grouped Serving: Requests are first sorted and
grouped by their target weight α̂, allowing sub-
batches to be processed in parallel using a shared
adapter.

As shown in Table 13, the Grouped Serving strategy
achieves a throughput that is significantly higher
than the Naive approach. This confirms that group-
ing effectively mitigates the overhead of multi-
adapter management.

B.8 Training Efficiency.
To clarify the computational overhead of our de-
coupled strategy, we compare the training FLOPs
of AdaMix against a single-model multi-objective
DPO baseline. While AdaMix incurs higher total
training costs due to its dual-adapter design, it con-
sistently achieves a superior accuracy-efficiency
trade-off as demonstrated in our main results. Fur-
thermore, AdaMix offers better scalability; adapt-
ing to new domains typically requires only a
lightweight router update, whereas DPO often ne-
cessitates a full retraining of the entire model.

C Future Works

While AdaMix has demonstrated effectiveness in
optimizing the trade-off between reasoning effi-
ciency and accuracy, several intriguing directions
remain for future exploration:
• Universal difficulty perception. Our current

routing module relies on domain-specific supervi-

sion to assess problem complexity. A promising
direction is to investigate unsupervised difficulty
estimation metrics, such as model uncertainty
or intrinsic perplexity variance. This would en-
able the router to assess problem complexity in a
zero-shot manner, eliminating the need for recal-
ibration when transferring to new domains.

• Continuous and dynamic modulation. The
current framework utilizes a discrete set of fu-
sion weights. Future iterations could employ
regression-based routers or hypernetworks to
generate continuous mixing coefficients in real-
time. This would allow for smoother, fine-
grained control over the model’s reasoning behav-
iors, potentially finding optimal operating points
that discrete selection might miss.

• Scalability and multimodal extension. While
this work validates AdaMix on standard-scale
models, we plan to apply it to significantly larger
backbones (e.g., 70B+ parameters) to verify its
scalability in high-compute regimes. Further-
more, we aim to adapt the decoupled frame-
work to Multimodal Large Language Models
(MLLMs), exploring how distinct adapters can
optimize efficiency in complex reasoning tasks
involving both visual and textual inputs.

D Qualitative Examples

This section qualitatively compares the reasoning
trajectories generated by AdaMix against the base-
line across different difficulty levels. On simple
problems, the baseline often exhibits “overthink-
ing” with verbose steps, whereas AdaMix activates
the short adapter to produce a concise and direct
solution. For medium-difficulty tasks, AdaMix
selects a mixed adapter that strikes a balance, gen-
erating a path less verbose than the baseline’s but
retaining all critical logic. On complex problems
where the baseline may fail, AdaMix leverages the
long adapter to perform deeper, more exhaustive
exploration. This often results in a longer reasoning
path but enables AdaMix to solve challenging prob-
lems that are intractable for the baseline, thereby
improving accuracy.
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