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Abstract

Large reasoning models (LRMs) have demonstrated remark-
able capabilities in solving complex problems through ex-
tended chain-of-thought reasoning. However, existing ap-
proaches face a fundamental trade-off between computa-
tional efficiency and reasoning accuracy. Current methods
either lack support for user-specified computational budgets
or require maintaining multiple independent models, leading
to significant resource overhead. In this paper, we present
AdaReason, a unified framework that trains a single base
model to support arbitrary user-defined computational bud-
gets through dynamic adapter composition. Our approach in-
troduces three key innovations: (1) a length-adaptive step re-
ward function that stabilizes training across diverse budget
constraints, (2) a progressive training strategy that gradu-
ally tightens computational bounds while maintaining model
performance, and (3) a runtime adapter merging mecha-
nism that dynamically interpolates between different com-
putational preferences. Unlike existing methods that suffer
from training instability in large context windows, AdaRea-
son achieves stable convergence through careful reward shap-
ing and progressive constraint tightening. Additionally, we
provide a rigorous theoretical analysis, establishing a perfor-
mance bound for our merged model. Experiments on differ-
ent reasoning benchmarks demonstrate that AdaReason es-
tablishes a new state-of-the-art in the performance-efficiency
trade-off and enables flexible runtime budget adaptation.

1 Introduction
The landscape of artificial intelligence has been fundamen-
tally transformed by the advent of large reasoning mod-
els (LRMs) that demonstrate unprecedented capabilities in
complex problem-solving tasks (Plaat et al. 2024; Xu et al.
2025a). Recent breakthroughs, exemplified by OpenAI’s
o1 (OpenAI 2024) and DeepSeek-R1 (DeepSeek-AI 2025),
have established a compelling paradigm: allowing mod-
els to engage in extended chain-of-thought (CoT) reason-
ing can yield dramatic improvements in performance across
challenging domains ranging from mathematical problem-
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Figure 1: AdaReason achieves higher performance per token
than state-of-the-art methods.

solving to scientific reasoning. These models generate com-
prehensive reasoning traces that can span tens of thousands
of tokens, meticulously working through problems with a
level of deliberation that mirrors human expert reasoning.

However, this remarkable capability introduces a criti-
cal challenge as these models transition to production sys-
tems. The computational overhead of extensive reasoning
traces creates substantial deployment barriers, particularly
in resource-constrained or real-time applications (Feng et al.
2025; Sui et al. 2025). This fundamental tension between
reasoning quality and computational efficiency cannot be re-
solved through simple heuristics. The challenge is compli-
cated by diverse real-world scenarios where users have vary-
ing computational budgets based on task complexity, avail-
able resources, latency requirements, and economic con-
straints (Li et al. 2025). While a financial trading system
might require rapid responses with minimal reasoning over-
head, a scientific research application could afford exten-
sive computational resources for thorough analysis. Ideally,
a single reasoning model should dynamically adapt its com-
putational investment to match available budgets while opti-
mizing performance within those constraints.
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Figure 2: An overview of our proposed framework for controllable response length. (a) Training Phase: We use a progressive
training strategy with a decreasing length budget to train a set of specialized LoRA adaptors, each an expert for a specific length
preference. (b) Inference Phase: To generate a response of a desired target length, we dynamically compute weights for each
adaptor and combine them to adapt the model’s output on the fly.

Current approaches to address this efficiency-accuracy
trade-off fall into two categories, each with inherent limi-
tations. The first category employs direct truncation strate-
gies (Muennighoff et al. 2025; Han et al. 2024a), which im-
pose hard limits on reasoning length through external mech-
anisms. While computationally efficient, this approach fre-
quently results in incomplete reasoning chains and signif-
icant performance degradation. The second category lever-
ages preference optimization and reinforcement learning
frameworks that incorporate length-based reward signals
to modulate model behavior (Ma et al. 2025; Xia et al.
2025; Xu et al. 2025b). Traditional approaches within this
paradigm require training multiple specialized models with
distinct length preferences to accommodate diverse compu-
tational requirements, leading to prohibitive storage and de-
ployment costs in practical applications. Recently, L1 (Ag-
garwal and Welleck 2025) proposed training unified models
capable of internalizing user-specified computational con-
straints. However, these methods exhibit significant training
instability when optimizing across diverse budget targets,
as the sparse distribution of target lengths generates highly
variable and often conflicting gradients, leading to conver-
gence difficulties and inconsistent performance.

To address these limitations, we propose AdaReason, a
novel framework that reconceptualizes the problem through
a fundamentally different architectural approach. Rather
than attempting to train a single monolithic model to han-
dle all possible computational budgets or maintaining mul-
tiple completely independent models, our method leverages
the power of parameter-efficient fine-tuning through parallel
low-rank adapters (LoRA) (Hu et al. 2022). Each adapter
specializes in a specific computational preference while
sharing a common base model, creating a unified system that
can efficiently serve diverse reasoning requirements.

Our approach is grounded in the key insight that dif-
ferent reasoning lengths inherently require fundamentally
different reasoning strategies and cognitive approaches.
Short reasoning demands highly focused, direct problem-
solving techniques that quickly identify the most promis-
ing solution paths and execute them efficiently. In con-
trast, long reasoning benefits from extensive exploration of
the problem space, comprehensive verification of interme-

diate steps, and thorough consideration of alternative ap-
proaches. By explicitly acknowledging and accommodat-
ing these different reasoning modalities through special-
ized adapters, our framework can optimize each approach
independently while maintaining computational efficiency.
The AdaReason framework introduces several technical in-
novations that collectively address the limitations of exist-
ing approaches. Our training methodology simultaneously
optimizes multiple LoRA adapters with different computa-
tional preferences, enabling each adapter to develop special-
ized expertise while benefiting from shared representations
in the base model. At inference time, we employ a novel
adapter merging mechanism that dynamically interpolates
between trained adapters based on user-specified computa-
tional budgets, enabling smooth adaptation to arbitrary con-
straints without requiring additional training. The main con-
tributions of this work can be summarized as follows,

• We propose a multi-adapter framework, AdaReason, that
decouples budget-specific reasoning strategies using par-
allel LoRA modules, eliminating the gradient conflicts
inherent in monolithic models.

• We develop a stable progressive training algorithm incor-
porating length-adaptive rewards that mitigates training
instability via curriculum learning by gradually tighten-
ing budget constraints.

• We introduce a zero-shot runtime budget adaptation
mechanism enabling seamless adaptation to varying
computational constraints.

• We provide rigorous theoretical analysis, providing a for-
mal performance bound for the interpolated model, guar-
anteeing graceful performance degradation for interme-
diate budgets.

• We provide comprehensive empirical validation demon-
strating superior performance compared to existing
methods while maintaining similar token budgets.

2 Methodology
In this section, we propose AdaReason, a framework that
provides fine-grained control over the computational bud-
get of large reasoning models without compromising per-
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formance or training stability. The overall architecture of our
approach is illustrated in Figure 2.

2.1 Problem Formulation
Let X denote the space of input queries and Y the space of
reasoning traces with final answers. Given a query x ∈ X
and a computational budget b ∈ N (maximum tokens), our
goal is to train a model πθ that generates a response y ∼
πθ(·|x, b) satisfying:

max
θ

Ex∼D,y∼πθ(·|x,b) [R(x, y) · I[L(y) ≤ b]] (1)

where R(x, y) is the correctness reward, L(y) denotes the
length of response y, and I[·] is the indicator function.

The key challenge is that optimal reasoning strategies
vary significantly across budgets. Formally, let π∗

b denote
the optimal policy for budget b. The reasoning patterns in
π∗
500 (concise, direct solutions) differ fundamentally from

those in π∗
5000 (exploratory, multi-path reasoning with verifi-

cation). Existing approaches attempt to learn a single policy
πθ that approximates all π∗

b simultaneously, leading to:

Lconflict =
∑
b∈B

∥πθ(·|x, b)− π∗
b (·|x)∥

2 (2)

This multi-objective optimization suffers from conflicting
gradients when π∗

b and π∗
b′ prescribe different actions for the

same state, resulting in suboptimal compromises.

2.2 AdaReason Architecture Design
Our framework decomposes this multi-objective optimiza-
tion into tractable subproblems using K specialized Low-
Rank Adapters. Given a base large reasoning model with
frozen parameters θbase, we introduce adapter set A =
{A1, . . . ,AK} where each Ak targets a specific budget
range Bk. For each transformer layer’s weight matrix W ∈
Rd×d, adapter Ak introduces low-rank updates:

Wk = W +∆Wk = W +W
(k)
downW

(k)
up (3)

where W
(k)
down ∈ Rd×r, W (k)

up ∈ Rr×d with rank r ≪ d.
This design enables each adapter to develop specialized rea-
soning patterns while maintaining computational efficiency
through parameter sharing in the base model.

Adapter Configuration Strategy: We adopt uniform
sampling to ensure equitable distribution across the compu-
tational spectrum:

Bk = Bmin + (k − 1) · Bmax −Bmin

K − 1
(4)

Our multi-LoRA design provides two fundamental advan-
tages: (1) Eliminates Gradient Conflicts: Each adapter op-
timizes independently for its specific budget, avoiding the
conflicting gradients that plague single-model approaches.
(2) Dramatic Storage Reduction: Storage scales as O(K ·
r · d) with r ≪ d, achieving (1 − r/d) ≈ 98% reduction
compared to separate models.

2.3 Progressive Training Strategy
To address training instability inherent in multi-budget op-
timization, we develop a progressive curriculum that grad-
ually transitions from permissive to restrictive length con-
straints. This approach fundamentally differs from existing
methods by providing stable convergence guarantees while
maintaining training efficiency.

Step Reward for Length Control We design a simpli-
fied yet effective step reward mechanism that directly incen-
tivizes length compliance. For adapter k at training step t,
we define the reward as:

Rk(x, y, t) = Rcorrect(x, y) · Sk(y, t) (5)

where the step reward Sk(y, t) is defined as:

Sk(y, t) = clip(λk(t) · (Bk(t)− L(y)) + 0.5, 0, 1) (6)

This formulation provides positive reinforcement for cor-
rect, budget-compliant responses and implements a smooth
reward transition within a band around the budget thresh-
old. It creates a clear signal for length-controlled reasoning
without complex penalty structures.

Progressive Parameter Schedule The key innovation lies
in time-dependent parameters that implement curriculum
learning. During training adapter k, the budget constraint
and penalty weight evolve according to:

Bk(t) = Btar
k + (Binit

k −Btar
k ) ·max(0, f(1− t/T )) (7)

λk(t) = λmin + (λmax − λmin) ·min(1, f(t/T )) (8)

where T represents total training steps, f is the function
that transforms the linear training progress into a staged,
piecewise-constant profile to stabilize training. The progres-
sive budget schedule ensures that each adapter k starts train-
ing with a relaxed budget constraint Binit

k and gradually tran-
sitions to its target constraint Btar

k . This curriculum learning
approach allows adapters to first learn fundamental reason-
ing patterns before specializing in their specific budget re-
quirements.

2.4 Runtime Budget Adaptation Mechanism
At inference time, given user budget B∗, we dynamically
merge trained adapters to match the specified constraint
without requiring additional training. This capability repre-
sents a significant advancement over existing methods that
require separate models or retraining for new budgets.

Adaptive Merging Strategy We compute interpolation
weights based on budget proximity using a temperature-
controlled softmax:

wk(B
∗) =

exp
(
− |B∗−Btarget

k |2

2σ2

)
∑K

j=1 exp

(
− |B∗−Btarget

j |2
2σ2

) (9)

where σ controls interpolation smoothness. The merged
adapter parameters become:

∆θ∗(B∗) =
K∑

k=1

wk(B
∗) ·∆θk (10)
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Our merging strategy provides several advantages: (1)
Smooth Adaptation: Continuous interpolation enables fine-
grained budget control without discrete jumps in perfor-
mance. (2) Zero-Shot Generalization: No additional train-
ing required for arbitrary budgets within the covered range.
(3) Computational Efficiency: Runtime LoRA merging adds
negligible overhead compared to maintaining separate mod-
els, and is supported by existing systems (Chen et al. 2024).

2.5 Theoretical Analysis
In this section, we provide a formal analysis of our adap-
tive multi-adapter merging strategy. Our analysis rests on
two mild assumptions about the smoothness of the perfor-
mance landscape with respect to the model’s parameters and
the relationship between adapter parameters and their target
budgets. In addition, we introduce one assumption about the
curvature of the performance landscape, which is standard
in approximation theory.

Assumption 1 (Lipschitz Continuity of Performance). Let
J (∆θ) be the expected reward of the policy πθbase+∆θ. We
assume the function J is LJ -Lipschitz continuous with
respect to the adapter parameters ∆θ in a neighborhood
around the trained adapters, i.e., for any two adapters
∆θa,∆θb:

|J (∆θa)− J (∆θb)| ≤ LJ ∥∆θa −∆θb∥F (11)

where ∥ · ∥F is the Frobenius norm. This is a standard as-
sumption for neural networks with smooth activation func-
tions.

Assumption 2 (Budget-Parameter Proximity). We assume
that the distance between the parameters of two optimally
trained adapters is bounded by a function of the distance be-
tween their target budgets. Specifically, for any two adapters
k and j:

∥∆θk −∆θj∥F ≤ CB |Btarget
k −Btarget

j | (12)

for some constant CB . This assumption posits that adapters
trained for similar budgets will converge to similar parame-
terizations, which is empirically observed in practice.

Assumption 3 (Bounded Performance Curvature). Let
Jopt(B) be the performance of the true optimal policy for a
given budget B. We assume that the performance landscape
is smooth and does not have infinitely sharp turns. Formally,
we assume its second derivative with respect to the budget
is bounded, i.e., |J ′′

opt(B)| ≤ M for some constant M . This
implies the performance cost of deviating from an optimal
budget is locally quadratic.

Our main theorem bounds the performance of the merged
model.

Theorem 1 (Performance Bound of the Multi-Adapter
Merged Model). Let {∆θk}Kk=1 be the set of adapters
trained for budgets {Btarget

k }Kk=1. For an arbitrary target
budget B∗, let ∆θ∗(B∗) =

∑K
k=1 wk(B

∗)∆θk be the in-
terpolated adapter created by our multi-adapter merging
strategy, where the weights wk(B

∗) are given by the softmax
function in Eq. (9). Let k∗ = argmink |B∗ − Btarget

k | be the

index of the adapter with the closest budget anchor to B∗.
The performance of the interpolated model, J (∆θ∗(B∗)),
is bounded as follows:

J (∆θ∗(B∗)) ≥ J (∆θk∗)

− LJCB

K∑
k=1

wk(B
∗)|Btarget

k −Btarget
k∗ | (13)

This theorem can be proved by using the Lipschitz conti-
nuity of the loss function to relate performance to parameter
distance, and then bounding this distance using the triangle
inequality. Based on Theorem 1, we now present a new The-
orem that analyzes the performance gap relative to the true
optimum as a function of adapter density.
Theorem 2 (Performance Improvement with Adapter Den-
sity). Consider a set of K adapters trained for budgets
{Btarget

k } uniformly distributed over a range [Bmin, Bmax].
The spacing between adapters is ∆B = Bmax−Bmin

K−1 . Under
Assumptions 1-3, the gap between the performance of the
true optimal policy for a budget B∗ and the performance of
our merged model is bounded by the square of the adapter
spacing:

Jopt(B
∗)−J (∆θ∗(B∗)) ≤ C · (∆B)2 = O

(
1

K2

)
(14)

where C is a constant independent of K.

This theorem can be proved by treating the merging as
a function approximation problem. Theorem 2 provides a
powerful theoretical justification for our multi-adapter strat-
egy. It reveals a clear and direct relationship between the
number of adapters and the quality of the final merged
model. The O(1/K2) result shows that the performance
gap between our model and the theoretical optimum shrinks
quadratically with the number of adapters. This provides a
strong incentive for using a larger set of specialized adapters
to cover the budget space more densely.

3 Experiment Results and Analysis
We conduct a comprehensive set of experiments to validate
the effectiveness of AdaReason. Our evaluation is designed
to answer the following key research questions:

(1) How does the performance-efficiency trade-off of AdaR-
eason compare to strong baseline methods across various
reasoning tasks?

(2) What are the contributions of the adaptive merging mech-
anism?

(3) Does AdaReason learn to adapt its reasoning behavior
and strategy in response to different computational bud-
get constraints?

3.1 Experimental Setup
Base Model and Datasets We follow the setup of L1 (Ag-
garwal and Welleck 2025) and use DeepScaleR-1.5B-
Preview (Luo et al. 2025) as our base LRM. We fine-tune
our models on the DeepScaleR-Preview-Dataset, a high-
quality dataset of 40,000 mathematical problems sourced
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Accuracy Generation Length
GPQA H-Eval Avg. GPQA H-Eval Avg.

DeepScaleR-1.5B

36.4 86.6 61.5 5287.6 4807.1 5047.3

L1-Exact

3600 32.8 79.9 56.3 2472.1 2172.1 2322.1
2048 30.8 79.9 55.3 1102.9 1903.9 1503.4
1024 30.3 78.7 54.5 823.5 1579.1 1201.3

L1-Max

3600 32.3 82.3 57.3 1730.3 2009.8 1870.1
3072 32.8 79.3 56.0 1455.0 1777.3 1616.1
2048 30.8 82.9 56.9 950.0 1441.8 1195.9

AdaReason-Trained

T1 34.4 84.1 59.3 4357.1 4035.5 4196.3
T2 34.8 85.4 60.1 3332.8 3103.2 3218.0
T3 33.8 84.8 59.3 2917.2 2546.5 2731.8
T4 33.2 84.1 58.7 2067.5 1938.1 2002.8
T5 34.6 81.1 57.9 1301.2 1606.0 1453.6

AdaReason-Merge

M1.5 35.0 85.4 60.2 3687.7 3428.0 3557.8
M2.5 35.7 83.5 59.6 3029.0 2708.3 2868.7
M3.5 33.0 83.5 58.3 2353.6 2219.8 2286.7
M4.5 34.0 82.9 58.5 1719.4 1832.7 1776.1

Table 1: Performance of AdaReason on non-mathematical
datasets.

from AIME, AMC, Omni-MATH (Gao et al. 2024), and
STILL (Min et al. 2024). For evaluation, we assess perfor-
mance on a diverse set of benchmarks:
• Mathematical Reasoning: GSM8k (Cobbe et al.

2021), MATH500 (Hendrycks et al. 2021), AIME2025,
AMC2023, and Olympiad Bench (He et al. 2024).

• Non-mathematical Reasoning: GPQA (Rein et al.
2024) and HumanEval (Chen et al. 2021).

All evaluations are performed in a zero-shot setting to test
the models’ intrinsic reasoning capabilities, with a maxi-
mum generation length of 16k tokens. On HumanEval we
report pass@4 for more stable results.

Baselines To comprehensively evaluate the performance
of AdaReason, we benchmark it against a carefully curated
set of baseline models.
1. DeepScaleR-1.5B-Preview: This is the original, frozen

large reasoning model used as the foundation for our fine-
tuning (Luo et al. 2025).

2. L1-Max and L1-Exact: A variant of DeepScaleR-1.5B-
Preview fine-tuned to follow prompt-based length con-
straints (Aggarwal and Welleck 2025).

Implementation Details of AdaReason We train AdaR-
eason using the verl framework with the GRPO algo-
rithm (Sheng et al. 2025). We use a global batch size of 128
and a learning rate of 1e-5 with a linear warmup and decay
schedule. For each prompt during RL training, we generate 8
rollouts to ensure sufficient exploration of the policy space.

Our training methodology employs a progressive length
curriculum over 200 steps, during which the target budget is

systematically reduced from an initial 4096 tokens to a final
2048 tokens. For AdaReason, we instantiate K = 5 paral-
lel LoRA adapters. To efficiently generate a suite of budget-
specialized adapters, we derive them from a single training
run by saving model checkpoints at various points in the
curriculum. This approach avoids the significant overhead
of multiple independent training procedures. Consequently,
each adapter becomes specialized for the budget constraint
active at its corresponding training stage, capturing a distinct
reasoning style from a single, unified training process.

Evaluation Protocol To rigorously evaluate the adaptive
merging capability of AdaReason, we assess its performance
on budget targets that lie between the anchor points of our
specialized adapters. This setup directly tests the model’s
ability to interpolate its reasoning strategy and generalize to
unseen computational constraints.

For clarity in our results, we adopt the following nota-
tion. The five specialized adapters derived from our progres-
sive training curriculum are denoted as {T1, . . . , T5}. The
merged models, created by applying our adaptive merging
mechanism to adjacent adapters Ti and Ti+1, are denoted
as Mi.5. Collectively, we refer to these two sets of models
as AdaReason-Trained and AdaReason-Merge, respectively.
To ensure a fair comparison, the L1-Max baseline is eval-
uated against the same numerical budget targets, which are
provided via its instruction-prompting mechanism.

3.2 Main Results
AdaReason establishes a new state-of-the-art in the
performance-efficiency trade-off. Figure 3 illustrates that
AdaReason consistently operates on a superior Pareto fron-
tier compared to existing baselines on mathematical reason-
ing tasks. For any given computational budget, both our spe-
cialized adapters and interpolated models achieve higher ac-
curacy, achieving an average accuracy improvement of 1%
over L1-Max and 5% over L1-Exact on mathematical tasks
under comparable length preferences. This advantage is a di-
rect result of our multi-adapter framework, which mitigates
the gradient conflicts that typically degrade performance in
single-policy models.

Runtime merging enables precise and effective budget
adaptation. Another key finding is the effectiveness of our
runtime adaptation mechanism. As shown in Figure 3, our
adaptive merging strategy allows for fine-grained control,
as the merged models generate outputs with lengths that lie
predictably between their constituent adapters. This emer-
gent benefit empirically validates our theoretical analysis,
suggesting that interpolating specialized reasoning strategies
can yield more robust and generalized solutions.

AdaReason can generalize to non-mathematical domains.
AdaReason’s advantages are not confined to mathematical
reasoning. As detailed in Table 1, the framework demon-
strates strong performance and precise length control on
non-mathematical reasoning benchmarks like GPQA and
HumanEval. For example, our merged model M4.5 achieves
an average accuracy of 58.5%, substantially outperforming
the L1-Max baseline (57.3% at a comparable budget). While
the correlation between reasoning length and accuracy is
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Figure 3: Performance of AdaReason versus generation length on mathematical reasoning benchmarks. AdaReason consistently
achieves a better performance-to-token ratio than baseline methods. The merged models effectively interpolate between the
specialized adapters, demonstrating fine-grained budget control.

Accuracy Generation Length
MATH AIME AMC Olympiad Avg. MATH AIME AMC Olympiad Avg.

Navie-Merge

T1 + T2 87.2 28.7 79.0 50.4 61.3 2186.8 5849.0 3455.0 3792.0 3820.7
T2 + T3 85.8 27.3 76.0 50.3 59.9 1920.7 4716.3 2896.0 2961.2 3123.5
T3 + T4 84.6 25.3 74.5 45.8 57.6 1466.4 3707.6 2291.4 2306.9 2443.1
T4 + T5 80.8 20.7 69.5 44.8 53.9 1044.1 2542.5 1743.9 1652.8 1745.8

AdaReason-Merge

M1.5 86.8 28.0 79.0 50.1 61.0 2186.7 5606.0 3360.5 3620.4 3693.4
M2.5 86.2 26.3 77.0 49.0 59.6 1794.7 4566.8 2795.1 2930.1 3021.7
M3.5 84.4 24.0 76.0 47.6 58.0 1475.5 3700.6 2286.5 2324.1 2446.7
M4.5 82.2 21.3 72.5 45.8 55.5 1127.3 2740.8 1750.7 1809.9 1857.2

Table 2: Comparison of AdaReason versus naive pairwise merging on mathematical benchmarks.

less strict in GPQA, our method’s ability to adhere to arbi-
trary budgets while maintaining a high level of performance
underscores its versatility and broad applicability.

3.3 Ablation Studies
We further validate the runtime budget adaptation mecha-
nism by comparing it to naive pairwise merging of adja-
cent adapters. As shown in Table 2, AdaReason outperforms
naive merging at short generation lengths, with an average
accuracy gain of up to 1.6% under the shortest budget. This
demonstrates the effectiveness of our adaptive merging strat-
egy in achieving smooth and optimal budget adaptation.

3.4 AdaReason Behavior Analysis
To understand how AdaReason adapts to varying budget
constraints, we analyzed the composition of its reasoning
process. Our findings indicate that the model learns to dy-
namically shift its strategy from expansive exploration to fo-
cused exploitation as the budget decreases.

We first performed a qualitative analysis of the model’s
outputs on the MATH dataset by categorizing generated text
into four key behaviors: Verification, Exploration, Compu-
tation, and Conclusion, using a keyword-based methodol-
ogy. As illustrated in Figure 4, there is a systematic shift in
the model’s reasoning style as the budget tightens. Specif-
ically, the relative proportion of tokens allocated to “Veri-
fication” and “Exploration” diminishes significantly under
stricter constraints. For instance, the token share for “Veri-
fication” decreased by 5.6% when the budget was reduced
from M1.5 to M4.5. Conversely, the proportion of tokens
dedicated to the final “Conclusion” and core “Computation”
increases. This demonstrates that AdaReason learns to pri-
oritize essential calculations and a direct path to the answer
when resources are limited, effectively pruning its own di-
vergent thought processes.

Furthermore, we analyzed how budget reductions affect
the structure of the model’s output. Figure 5 depicts the av-
erage word counts in thinking and solution segments across
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Figure 4: AdaReason thinking behavior across different length preferences.

Figure 5: AdaReason thinking and solution lengths across
different budgets.

budgets. Reducing the budget primarily shortens the think-
ing portion, preserving the solution’s integrity. This suggests
that AdaReason effectively eliminates redundant reasoning
while maintaining essential outputs.

4 Related Work
4.1 Length-Controlled Reasoning
Research in length-controlled reasoning seeks to balance
the accuracy and computational cost of Chain-of-Thought
models (Xu et al. 2025a; Feng et al. 2025; Kang et al.
2024). Initial efforts were training-free, relying on prompt
instructions, token budgets, or hard truncation to shorten
outputs, but these methods often yielded inconsistent con-
trol and degraded reasoning quality (Lee, Che, and Peng
2025; Han et al. 2024a; Muennighoff et al. 2025). This mo-
tivated a shift toward training-based solutions, including su-
pervised fine-tuning (SFT) on datasets with variable-length
reasoning paths (Kang et al. 2024; Liu et al. 2024b; Ma
et al. 2025) and teaching models to strategically skip non-
essential steps (Xia et al. 2025).

Reinforcement learning methods recently emerged as the
primary approach for controlling the length of language
model outputs due to their simplicity and effectiveness (Liu
et al. 2025). Most methods involve reward shaping, where

models are incentivized to produce shorter responses by as-
sociating higher rewards with more concise outputs (Arora
and Zanette 2025; Liu et al. 2025). Most methods incorpo-
rate length penalties during RL training to reduce reasoning
verbosity (Team et al. 2025; Shen et al. 2025).

However, these methods require different models for dif-
ferent length preferences. L1 (Aggarwal and Welleck 2025)
uses reinforcement learning with length penalties to train
models that follow user-specified constraints. However, it
suffers from training instability when dealing with diverse
budgets in large context windows.

4.2 Parameter-Efficient Fine-Tuning

Parameter-efficient fine-tuning methods like LoRA (Hu
et al. 2022; Han et al. 2024b; Xu et al. 2023) enables ef-
ficient fine-tuning by learning low-rank updates to frozen
base models. Building upon these foundations, researchers
have explored multi-adapter architectures that leverage mul-
tiple LoRA modules for enhanced model capabilities (Wang
et al. 2023; Yang et al. 2025; Zhong et al. 2024). E.g., Com-
posLoRA frameworks (Zhong et al. 2024) demonstrate that
simultaneously incorporates all LoRAs can guide more co-
hesive image synthesis. LoRAExit (Liu et al. 2024a) in-
troduces early exit strategies combined with adapter selec-
tion, enabling dynamic computation allocation based on in-
put complexity. In contrast, our work is the first to leverage
multiple LoRA adapters for reasoning length control with-
out significant training overhead.

5 Conclusion
We presented AdaReason, a novel framework for training
efficient reasoning models with flexible computational bud-
gets. By decomposing the problem into multiple specialized
adapters and introducing progressive training with length-
adaptive rewards, we achieve superior performance while
enabling unprecedented flexibility in runtime budget adapta-
tion. Supported by theoretical analysis guaranteeing grace-
ful performance scaling, AdaReason demonstrates superior
accuracy at comparable token counts while offering un-
precedented flexibility.
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