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Abstract

Large reasoning models (LRM) have demonstrated impressive performance in1

domains such as mathematics and coding. These domains permit reliable veri-2

fication of model outputs, important for enabling the reinforcement learning that3

drives LRM performance gains. However, training reasoning models on domains4

that lack reliable verifiers remains challenging. Meanwhile, for both verifiable5

and unverifiable domains, there exist large amounts of unused instruction-tuning6

data with human-written solutions. In this work, we show that this instruction-7

tuning data can be efficiently utilized to further improve reasoning models. For8

this, we first use classic instruction tuning, without reasoning traces, on the LRM.9

Next, we merge our instruction-tuned model with the original reasoning model,10

recovering its reasoning behavior on the target domain. Our extensive evaluation11

demonstrates that our technique improves LRM performance in both verifiable12

and hard-to-verify domains, including coding and text summarization, while pre-13

serving LRM capabilities across other domains. Importantly, our method is highly14

efficient, enabling such improvements for just a few tens of dollars.15

1 Introduction16

Reasoning language models (RLMs) have changed the frontier of language model capabilities.17

These models obtain strong results on tasks such as mathematics and programming [4, 19, 32]. The18

dominant training recipes behind these gains rely on reinforcement learning with verifiable rewards19

[4, 9, 18, 22]. However, this approach requires automatic verifiers that can automatically determine20

whether the proposed answer is objectively correct or not. This leaves a much wider class of tasks21

in an awkward position. Many domains do not provide reliable verifiers, such as text summarization22

or coding without available unit tests.23

In these settings, large amounts of fine-tuning data are available: inputs paired with high-quality24

final outputs. However, they usually do not have validated reasoning traces. We are thus interested25

in whether powerful RLMs can be adapted to such target tasks while preserving and leveraging its26

reasoning behavior. The most direct approach is standard supervised fine-tuning (SFT) on the final27

answers. This is cheap and widely applicable, but it creates a distributional mismatch for RLMs,28

leading the RLM to stop reasoning.29

Our Work In this work, we show that this mismatch can be mitigated with a simple two-step30

procedure. First, we perform standard SFT on the target input-output data, without reasoning traces.31

Second, we linearly merge the resulting SFT checkpoint with the original reasoning model. The32

merge coefficient is selected on a small calibration set by searching for the largest amount of the33

SFT update that preserves a high rate of non-empty reasoning traces. This procedure does not34

require a verifier, a reward model, or a stronger teacher model. It uses ordinary instruction-tuning35

data for adaptation and uses the original RLM as an anchor for recovering reasoning behavior.36
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We evaluate this approach on three open reasoning models, OpenThinker 7B, Apriel Nemotron 15B37

Thinker, and Olmo3 7B Think, across Rust coding and text summarization. These tasks cover both38

executable and hard-to-verify outputs, while MATH500 is held out as a measure of preserved general39

reasoning capability. Across settings, standard SFT often collapses reasoning behavior and can lead40

to substantially reduced MATH500 performance. Our merging technique recovers most or all of41

the lost reasoning capability while retaining significant parts of the target-task gain from SFT. In42

addition, this method is highly inexpensive, allowing adapting models within 2 hours for around $6.43

Our contributions Our key contributions are:44

• We identify and study a practical adaptation setting for RLMs where only input-output45

supervision is available, without verified reasoning traces.46

• We propose a lightweight SFT-and-merge method that adapts an RLM while selecting the47

merge ratio only from calibration reasoning behavior.48

• We evaluate the method across three RLMs and two target tasks, showing that it preserves49

general reasoning capabilities while retaining target-task improvements.50

2 Background51

We outline the necessary background relevant to this work.52

Language Models and Supervised Fine-Tuning An autoregressive Language Model (LM), pa-53

rameterized by θ, models the probability of the next token cT in a sequence c conditioned on input54

context c<T . This is achieved by factorizing the joint probability into a product of conditional55

probabilities for each token:56

pθ(cT | c<T ) =

T∏
t=1

pθ(ct | c<t) (1)

where c<t = (c1, . . . , ct−1) represents the preceding tokens. During inference, we split the context57

c into a pair (x,y) of user-provided input x and model-generated output y. The first inference step58

samples y0 from pθ(y0|x), and later steps obtain yi from pθ(yi|x+y<i). We refer to x as the prompt59

and y as the answer. Pre-trained Large Language Models (LLMs) are such models with billions of60

parameters, trained on trillions of tokens of training data [4, 20, 32]. By such pre-training the models61

acquire a variety of general skills, in particular language-understanding. However, in practice it is62

often necessary to adapt the model for particular skills or specialized tasks.63

Adapting LLMs to such tasks is commonly achieved through Supervised Fine-Tuning (SFT). SFT64

is a process that updates a model’s parameters using a labeled dataset D = {(x,y)} of input-output65

pairs. The training objective is to minimize the cross-entropy loss. The SFT loss function is defined66

as:67

LSFT(θ,D) = −E(x,y)∼D

 |y|∑
t=1

log pθ(yt | x+ y<t)

 . (2)

Large Reasoning Models Recently models are trained on challenging tasks using reinforcement68

learning, resulting in Large Reasoning Models [4, 19]. The models are prompted to solve a task that69

permits a reliably verifiable answer, such as a numerical result or executable code. The model is then70

trained to prefer answers that are validated as correct by the respective verifier. Before producing71

the answer, the model may generate text in an internal scratch pad, which is referred to as reasoning72

trace. Empirically, this results in strong solutions for challenging math and code problems [4, 23].73

However, there are three limitations. First, self-bootstrapping only works if the model has a non-zero74

solve rate on the dataset in question [21]. Second, reinforcement learning is an expensive process,75

that requires several rollouts and many samples [4, 18, 23]. Third this approach requires a reliable76

verifier. If the verifier can be influenced by spurious correlations, the reasoning model can learn to77

exploit these correlations and produce undesired outputs [2, 4, 16]. There are numerous tasks for78

which such a verifier is not available, for example text summarization.79
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Reasoning Distillation An alternative to reinforcement learning is reasoning distillation. In this80

approach there is a training dataset D = {(x,y)}. For each task x in the dataset, a reasoning trace81

r and answer y′ are obtained by sampling an already reasoning-trained RLM, filtering the solutions82

such that y′ matches the desired solution y. This is usually done using RLMs that are larger than83

the target model, or to save the cost and effort associated with reinforcement learning [4, 17]. The84

drawback is that such an RLM with better performance on the desired task has to be available.85

Model Merging Model merging combines two or more model checkpoints into a single check-86

point without additional optimization. For two sets of compatible parameters θ1 and θ2, a common87

form is a convex interpolation88

θα = (1− α)θ1 + αθ2, α ∈ [0, 1].

This can be used for transfer, specialization, and recovering forgotten behavior across related tasks89

or fine-tuning regimes. Prior work connects this idea to task arithmetic and task arithmetic-like90

combinations, and shows that interpolation can produce usable points along low-loss trajectories91

between related checkpoints [1, 6, 11, 33].92

3 Training RLMs via SFT and Model Merging93

In this section we describe our core pipeline used to adapt RLMs to a target task using reasoning-free94

training data.95

Adapting RLM In this work we focus on task adaptation, concretely: How to improve the perfor-96

mance of an existing RLM on a target task. The main approach for this is to continue reinforcement97

learning with verifiable rewards [4, 12], which requires reliable verifiers. Alternatively, developers98

perform reasoning distillation from stronger models [34]. Both approaches require either a reliable99

verifier or a stronger RLM on the target task.100

Main Challenges The key challenge for training RLM is the requirement to preserve the reasoning101

trace, which is crucial for the model performance [32]. Thus, it is typically assumed that the training102

data must provide reasoning traces, which are included in the model training objective [4, 18].103

However, if no verifier is available for the given task, or no reasoning model with a higher solve104

rate on the dataset in question is available, we can not easily obtain relevant reasoning traces for the105

given task.106

Our work resolves these challenges by presenting a method for training RLM without requiring107

reasoning traces. As such our method is able to leverage largely-available SFT datasets, while108

preserving the reasoning trace and its associated model performance. Due to the design of this109

method, it neither requires a robust verifier nor a stronger reasoning model.110

Overview Our core method is a two-step pipeline, visualized in §3: Given a base RLM M , we first111

perform SFT on a task-specific training set Dtrain that contains no reasoning traces. This produces a112

fine-tuned model MSFT. We then linearly merge MSFT with the original model M with coefficient113

α. The merge coefficient α is selected on a held-out calibration set Dcal so that the resulting model114

remains close to MSFT while preserving the model’s reasoning behavior, measured by the rate of115

non-empty reasoning traces. This gives an adapted model that can benefit from the task-specific116

SFT data without requiring a verifier or a stronger teacher model to generate reasoning traces.117

We useDtrain,Dcal, andDtest for fine-tuning, merge-ratio selection, and final evaluation, respectively.118

Each task example is an input-output pair (i, o), where i is the task input and o is the target output.119

For a reasoning model, we write a sampled response as (r, ô) ∼ M(i), where r is the reasoning120

trace and ô is the final answer. We denote an empty reasoning trace by ε.121

Finetuning We first fine-tune the base model M on Dtrain using standard SFT with LoRA [10].122

We train the query, key, value, and output projections in self-attention, as well as the gate, up, and123

down projections in the feed-forward network. This reduces the memory footprint and training cost124

compared with full fine-tuning [29].125

A reasoning model is normally trained to produce both a reasoning trace and a final answer. In our126

setting, however, Dtrain contains only (i, o) pairs and does not contain the reasoning trace r. We127
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Figure 1: Our core method for RLM training consists of a light-weight two-step pipeline (Left): We
first perform standard SFT on Dtrain, which produces MSFT. We then merge M and MSFT, using
a calibration dataset Dcal to find a merge coefficient α that preserves model reasoning. (Right)
This merging produces a point that maintains and sometimes even improves task capability, while
preserving the RLM reasoning ability.

therefore serialize each training target as (ε, o): the empty reasoning trace ε followed by the target128

output. Let y(o) = serial(ε, o) denote this serialized response, and let yt(o) be its t-th token. The129

SFT objective is the standard next-token prediction loss on this target,130

θSFT ← argmin
θ

−
∑

(i,o)∈Dtrain

|y(o)|∑
t=1

log pθ
(
yt(o) | i, y<t(o)

)
, (3)

where θSFT denotes the weights of the resulting model MSFT. Because the fine-tuning targets contain131

an empty reasoning trace, this step can reduce the model’s reasoning behavior: after SFT, MSFT may132

directly output the final answer on examples where the original reasoning model would have pro-133

duced a non-empty trace. We observe this behavior for most of the reasoning models we evaluated.134

Merging To recover reasoning behavior while retaining the task adaptation learned during SFT,135

we perform a two-way interpolation between the original reasoning model M and its standard-SFT136

variant MSFT. This choice is motivated by the use of merging to mitigate forgetting [1].137

We select α using a search over model reasoning on a calibration set Dcal. Since M is an RLM in138

our setting, it has full calibration reasoning rate, i.e., ρ(M,Dcal) = 1. For any model M ′ and dataset139

D, we define the reasoning rate ρ(M ′,D) as the fraction of examples for which the model produces140

a non-empty reasoning trace.141

ρ(M ′,D) = 1

|D|
∑

(i,o)∈D

1{ri ̸= ε}, (ri, ôi) ∼M ′(i). (4)

Algorithm 1 RLM Training Pipeline
Input: RLM M ; Dtrain,Dcal; ρmin; K
Output: Trained RLM Mα⋆

Step 1: Standard SFT
1 MSFT ← SFT(M,Dtrain)

Step 2: Merging
2 AK ← {j/K : j = 0, . . . ,K}
3 α⋆ ← 0
4 for α ∈ AK do
5 Mα ← MERGE(M,MSFT, α)
6 ρα ← ρ(Mα,Dcal)
7 if ρα ≥ ρmin then
8 α⋆ ← α
9 return Mα⋆

We design a search procedure to pick the merge coeffi-142

cient that is as close as possible to the SFT model, pre-143

serving the target task performance gains, while recover-144

ing the model reasoning. Let ρmin be the minimum ac-145

ceptable reasoning rate; in our experiments, ρmin = 0.9.146

We are then looking for the largest merge ratio whose cal-147

ibration reasoning rate remains acceptable, i.e.,148

α⋆ = max
α∈A
{α : ρmin ≤ ρ(Mα,Dcal)} . (5)

This objective favors the model closest to MSFT among149

those that still preserve enough reasoning behavior.150

We describe the searching algorithm in Algorithm 1. In151

practice, we evaluate a small uniform grid of merge coef-152

ficients rather than performing an adaptive search. For a153

grid resolution K, we use AK = {0, 1/K, 2/K, . . . , 1}. The point α = 0 is the original model and154

is guaranteed to satisfy ρ(M,Dcal) = 1, while α = 1 is the standard SFT model. After evaluating155

all grid points on Dcal, we select the largest α whose reasoning rate is at least ρmin.156
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Optimizations Two optimizations speed up this process even further: Running calibration only157

on the first few tokens, and employing binary search in Algorithm 1.158

To speed up calibration, we first observe that in practice, when a fine-tuned model no longer reasons,159

it usually emits the end-of-reasoning token immediately after the start-of-reasoning token. We there-160

fore do not need to sample full responses during merge-ratio selection: for each calibration input,161

we generate only the first few tokens after the reasoning start token and check whether the model162

begins a non-empty reasoning trace. This short-prefix evaluation is enough to estimate ρ(Mα,Dcal)163

for the grid search. We can further improve the precision of this estimate by inspecting the model164

logits directly at the decision point, measuring the probability assigned to immediately closing the165

reasoning trace instead of relying only on sampled completions.166

Second, we reduce the computational effort for the search in Algorithm 1 by converting it into a167

binary search over merge ratios. For this, we observe that the amount of reasoning monotonously168

decreases over the merge ratio. This allows us to employ binary search instead of grid search in169

compute-restrained settings. We employ binary search over the reasoning on the calibration dataset170

exceeding the minimum reasoning threshold. Since we also observe that model reasoning typically171

degrades rapidly around the critical merging ratio, we abort the search as soon as we observe a172

reasoning rate that is less than 100% and greater or equal to the minimal ratio.173

4 Experimental Evaluation174

In this section we demonstrate that our method reliably obtains a strong tradeoff between model175

performance at the target task and general reasoning capabilities across three different reasoning176

models and two datasets.177

4.1 Experimental Setup178

Below, we describe our experimental setup, including the LRMs used, training techniques, target179

tasks, metrics, and training datasets.180

Models We compare three key models: OpenThinker 7B [9], Apriel Nemotron 15B Thinker [22]181

and Olmo3 7B Think [18]. This covers a diverse set of reasoning models: OpenThinker is a fine-182

tune based on Qwen2.5 7B [31], distilled on reasoning traces by DeepSeek R1 [4]. Apriel 15B is183

a fine-tuned version of Apriel 15B Base, post trained through CPT, SFT and GRPO. Olmo3 was184

trained from scratch with a fully open pipeline, including SFT, DPO and Reinforcement Learning185

from Verifiable Rewards [18].186

Methods We first evaluate the unadapted RLM as Baseline. We compare it to the fully fine-tuned187

variant of the model using LoRA, called SFT, trained as described in the first step of our training188

pipeline without any reasoning traces. Unless otherwise indicated, we finetune the hyperparameters189

learning rate, batch size and epoch for each combination of model and dataset, and report the hy-190

perparameters in Appendix A. Finally we evaluate Ours, the re-merged version of the model at the191

optimal merge ratio determined by our method using the described binary search method with up to192

8 search steps. We further attempt reproducing two related works: SDFT [24], which leverages the193

model for self-guided reasoning synthesization and VeriFree [36], which performs direct learning194

on the golden answers.195

Tasks We train the RLMs on two distinct tasks: Rust coding and text summarization. We reserve196

a third task of mathematical problem solving to monitor model forgetting.197

Rust coding: Given a natural language description of a coding task, implement a function that198

solves the problem.199

Text summarization: Provided with a long-form natural language text, produce a concise,200

relevant, cohesive and consistent summary.201

Mathematical problem solving: Provided with a high-school level mathematical question,202

derive a numerical answer.203
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The tasks are highly different in complexity and difficulty. In addition, both tasks do in general not204

permit reliable verifiers, making it difficult to train on using RLVR. For Rust coding, RLVR is only205

possible when comprehensive test suites are provided, which is not always possible.206

Metrics For Rust coding, we choose a Rust translation of the MBPP dataset [13] and measure207

the models PASS@1 performance [3], in other words, we measure the percentage of solutions that208

implement a function described in natural language correctly, as measured by a set of unit tests.209

For text summarization, we measure fluency, consistency, relevance and coherence on the CNN210

split of Fabbri et al. [5]. We use Gemini 3 Pro [8] to evaluate the criteria according to a detailed211

prompt, detailed in Appendix B. To confirm the validity of these results, we compare the Gemini212

3 Pro ratings on the dataset of summaries with human annotators provided in Fabbri et al. [5] and213

establish a Cohens Kappa of over 60% for each metric. We provide the details in Appendix A. For214

the mathematical problem solving, we measure the performance of the models on the MATH500215

dataset [15]. Note that we do not train on this task, and we therefore use it to assess the loss of216

general reasoning capabilities of the model due to fine-tuning.217

All models are trained and merged twice with different seeds and we run report averaged results218

from 10 evaluation runs for Rust, text summarization and MATH500. In all plots we draw corridors219

indicating the run-to-run variance, spanning the respective minimum and maximum values obtained220

by each run.221

Training Datasets We devise two datasets for training. To ensure that we measure whether the222

model preserved its generalization capability, we design the training and test datasets to stem from223

different distributions, while having similar task formats. (1) Rust coding: We train the model on224

a set of single-function coding tasks in the Rust language, where each data point is a pair of task225

and code solution that were synthesized from an LLM [28]. We filter the dataset to the subset of226

code samples that pass the corresponding test suite consistently, arriving at a subset of 6761 training227

samples. We confirm the obtained datasets to be disjoint from the MBPP dataset by checking for228

closest matches using cosine similarity and confirming their distinctness. (2) Text summarization:229

We further train the model on the task of text summarization. As training dataset, we use the reddit230

TLDR; split of Fabbri et al. [5], which is intentionally different to the CNN task split that we use for231

evaluation.232

4.2 Main Results233

Next, we present our main results on Rust coding and text summarization.234

Rust coding We train all models on both Rust coding and text summarization and show their235

performance on the respective tasks compared to the performance on MATH500 in Figure 2. As236

can be seen, standard SFT strongly reduces the performance on MATH500: For OpenThinker 7B, it237

drops from 79% to 34.2% when training on the Rust dataset, and to 2% on the text summarization238

dataset. While SFT does not disturb the math reasoning capabilities of Apriel 15B, it decreases its239

performance at the target task. Meanwhile, our method consistently picks a strong trade-off. In240

Rust, the recovered reasoning even leads to improved performance compared to both the starting241

model (baseline) and the SFT model, with an average increase of 4.1 percentage points.242

Text Summarization For text summarization, we observe that fluency, relevance and coherence243

are already close to the maximal score for all evaluated models, on average 4.84 out of 5, and244

remain stable across our training. We therefore focus on the metric of consistency and report the245

performance on other metrics in Appendix A. Here, the best performance is usually achieved by the246

SFT model, with model performance on average increasing by 1.10 points. This increase occurs247

despite as model reasoning decreasing rapidly to 0.0% and 12.9% for OpenThinker 7B and Apriel248

15B, respectively. With our method, reasoning is fully recovered, resulting in a parallel recovery249

of MATH500 performance, while preserving 76.7% and 97.4% of the performance increase for the250

fully finetuned text consistency.251

Runtime and Cost A key benefit of our method is its low cost. Our adaptation method requires on252

average less than two hours to complete and fits on a single NVIDIA H200 GPU, costing in total less253

than USD 6 on typical rental services at the time of writing. Most time is split between obtaining the254
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Figure 2: (Left) Our method preserves MATH500 performance while preserving or even increasing
the task gains from SFT on Rust coding and text summarization. (Right) The preserved capability
correlates with whether the model continues to reason on an out-of-distribution task.
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Figure 3: We evaluate all various merge ratios on the final test set. We observe that reasoning on
MATH500 tasks drops sharply after a merging threshold is crossed (Left) and target task perfor-
mance experiences a smoother curve (Right). On Rust, a clear benefit of restored reasoning to task
performance is visible.

fine-tuned model, with on average 36 minutes, and evaluating the merge ratios in Algorithm 1, with255

on average 23min. Note that a key factor in our cost-efficiency is that our method does not require256

any reasoning rollouts from the model.257

Other Methods We attempted reproducing two popular related methods that are also applicable258

to our setting of training RLMs using only standard SFT data. The first method, VeriFree [36], re-259

quires a significant amount of resources: Based on our initial experiments, we estimated 8 NVIDIA260

GPUs for a total of 60 hours for a single training run. Given this cost, which applies to each step of261

a preliminary hyperparameter search for fair comparison, we consider a comparison infeasible. Sec-262

ond, for SDFT [24] we have extensively tried to reproduce SDFT on Olmo3 7B, on the task of Rust263

coding, exploring over 20 hyperparameter combinations. Despite reaching out to the authors, the264

best performance we could achieve with SDFT was 41.4%, a slight decrease from the baseline per-265

formance of 44.2%, while performance on MATH500 also slightly decreased from 95.5% to 93.1%.266

As such, despite our extensive reproduction efforts, we did not include the above related methods267

for direct comparisons in our experiments. We report the used hyperparameters in Appendix A.268

4.3 Ablation269

We ablate over the choice of merge ratios, employed finetuning techniques and training hyperpa-270

rameters for the supervised finetuning.271

Merge ratio We ablate over the merging factor α on the Rust and text summarization dataset, and272

show their reasoning rate on MATH500 and the target tasks in Figure 3 (left and right, respectively).273

We notice that OpenThinker 7B loses its reasoning capability quickly for α ∈ [0.25, 0.5], while274

Apriel 15B loses it more slowly and Olmo3 7B even maintains full reasoning at α = 1. Surprisingly,275

the performance on Rust coding appears to peak in for α ∈ [0.25, 0.5], where the model has still276

knowledge about the task from training and recovered reasoning. Meanwhile, consistency in the277

text summarization task increases more linearly with the merging ratio. Our method reliably picks278
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η, batch size B, LoRA vs. full finetuning, and merging techniques. The overall trend of reasoning
loss in standard SFT and reasoning and performance recovery is stable across all settings.

a point close to a good trade-off point between reasoning and task performance optimum, despite279

picking the point only based on the reasoning score on the calibration dataset.280

Merging technique We ablate over the employed merging technique for OpenThinker 7B on Rust281

coding, presenting the results in the right-most panel of Figure 4. We compare the linear merging282

employed in our main experiments with Spherical Linear intERPolation (SLERP) [7, 25] and TIES283

[30]. For TIES, since fixing α = 1 and searching over the density parameter would result in com-284

plete loss of reasoning even for a density of less than 0.1, we fix density to 0.5 and search over the285

α parameter. For all merging techniques, our method obtains the best merging ratio at α = 0.25.286

Compared to linear interpolation, SLERP recovers more MATH500 performance but loses target-287

task performance, while TIES improves both MATH500 and target-task performance, albeit less288

than our linear merging.289

Finetuning Our main method uses LoRA for light weight and efficient finetuning. We ablate over290

the choice of LoRA by using full finetuning of all model weights, using the same hyperparameters291

as for LoRA, and present the results in the second panel from left of Figure 4. We observe that292

the capability loss on MATH500 is much stronger with standard finetuning, and that our method is293

unable to obtain as much task specific performance as LoRA.294

Hyperparameters We ablate over finetuning hyperparameters for the supervised finetuning stage295

over OpenThinker 7B in Figure 4. We ablate over varying epochs, learning parameters η, and296

batch sizes B, keeping the remaining hyperparameters fixed. Importantly, across epoch, learning297

rate and batch size choices, even though some finetunings result in models with worse performance298

on the target task than the baseline model, the overall trend is consistent that training disturbs the299

natural reasoning of the model, while merging can recover the MATH500 performance and maintain300

improvements on the target task.301

5 Related Work302

Below, we present an overview of prior work related to our method.303

Training Reasoning Models with Verifiers The standard technique for training and adapting304

reasoning models is via reinforcement learning with verifiable rewards [4, 18, 26]. This works well305

for tasks that permit such verifiers, however leaves out many domains, such as the explored domain306

of text summarization. Moreover, while this technique is well-explored for bootstrapping reasoning307

model performance, continuous adaptation of RLMs to new tasks via RL is not well explored yet.308

Training Reasoning Models without Verifiers Verifier-free or verifier-light methods try to enable309

training reasoning models without reasoning traces, by optimizing likelihood of known answers310

directly [35, 36] or training teacher models to provide feedback and justifications for reference311

answers [24]. These methods are closest in motivation to our setting, but they are computationally312

much more expensive and not designed to work on already trained reasoning models. Our method313

instead operates on minimal hardware requirements and allows inexpensive, fast task adaptation.314
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Model merging Model merging combines multiple checkpoints into a single model without ad-315

ditional gradient updates. A common motivation is to combine task-specific skills or mitigate for-316

getting by merging related models [1, 33]. Prior methods include simple weight averaging, task317

arithmetic [11], and sparse or sign-based variants such as TIES [30]. Linear interpolation is also318

connected to linear mode connectivity, where independently trained or fine-tuned networks can lie319

on low-loss paths in weight space [6]. Most merging work aims to combine capabilities from mul-320

tiple specialized models. Our use is narrower: we merge an SFT checkpoint back with its own321

original reasoning checkpoint to trade off target-task adaptation against preservation of reasoning322

behavior. Recent work on tunable reasoning through model merging suggests that interpolation can323

control the degree of reasoning behavior in language models [14]. We build on this observation, but324

select the merge coefficient using a small calibration set and target the practical setting where only325

input-output SFT data is available.326

6 Limitations and Future Work327

Composability and Continual learning Our method demonstrates that for single-task adaptation,328

a simple train-and-merge pipeline is enough to preserve general capabilities and obtain task-specific329

improvements. However, as LLMs are trained to be generalist and continuously adapted to new330

tasks, the question remains how to obtain adaptation to several tasks in parallel. We consider this an331

exciting avenue for future research.332

Interpretability In our experiments we observe that models stop reasoning by immediately pro-333

ducing an end-of-reasoning marker. To address this, during the development of the method, we tried334

prefilling the model response with a start-of-reasoning marker and an immediately following non-335

end-of-reasoning token like ‘Okay’, however, the reasoning performance was not recovered. An336

interesting direction for future work is to mechanistically understand how reasoning tendency is en-337

coded in the model. We hope that potential insights could then be directly leveraged to design better338

adaptation methods for reasoning models, in particular in terms of recovering reasoning tendency.339

Lightweight Adaptation on Reasoning Domains Our experiments focus on domains where the340

reasoning ability of the model itself is not crucial for achieving top performance, instead, the SFT341

data already provides the necessary signal for the model to perform well. This is still crucial, es-342

pecially when patching the model for knowledge gaps; our method provides a lightweight way to343

insert new information into reasoning models simply by collecting instruction-completion pairs—344

in the same paradigm as in the pre LRM era. However, on domains where the reasoning gains345

themselves define performance improvements (e.g., mathematics), final-output-based methods such346

as ours could fall short. Indeed, in preliminary experiments we have tried to apply our method to347

mathematical proofs, but we failed to improve the models’ performance—likely due to the lack of348

supervision signal improving the reasoning process of the model itself.349

7 Conclusion350

We studied how to adapt reasoning language models when only ordinary input-output supervision351

is available. Our results show that this failure mode is not merely cosmetic. In several settings, the352

loss of reasoning coincides with large loss of performance on held-out mathematical reasoning and353

weaker generalization on the target task. We introduced a simple two-step pipeline to mitigate this354

issue: first fine-tune the reasoning model with standard SFT, then merge the fine-tuned checkpoint355

back with the original model. The merge ratio is selected using only a small calibration set and the356

observed rate of non-empty reasoning traces.357

Across Rust coding and text summarization, this procedure recovers most or all of the reasoning358

behavior lost under SFT while retaining much of the target-task improvement, and does so without359

a verifier, a reward model, or a stronger teacher model, at a cost comparable to running the initial360

SFT and a small grid search. Overall, our results indicate that RLMs can be efficiently adapted to361

target tasks using standard model training techniques.362
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Table 1: SummEval correlations for Gemini-3-pro-preview.
Metric Spearman ρ p-value

Fluency 0.6034 6.29× 10−16

Relevance 0.5616 1.69× 10−14

Coherence 0.6785 8.31× 10−22

Consistency 0.6791 7.44× 10−22

A Experimental Details, Ablations and Case Study589

In this section, we provide additional details about the implementation, hyperparameters, datasets,590

and so on.591

A.1 Refinement of the Rust dataset592

In our study, the Rust corpus from Team [27, 28] is used for supervised fine-tuning and in-593

distribution evaluation. Each sample in the corpus consists of four fields: a task identifier, a natural-594

language Rust prompt that describes the target function, a Rust code implementation that solves595

the task, and a list of executable test cases. Consequently, the dataset provides complete function-596

level programming tasks paired with verification harnesses, enabling evaluation of generated code597

correctness.598

Before using the dataset, we performed verification and filtering to improve data quality and ensure599

experimental reproducibility. For each code-test pair, we compiled the provided Rust implemen-600

tation and executed its associated test suite ten times in our local environment. We retained only601

samples for which the implementation successfully compiled and passed the complete test suite in602

all ten runs. This repeated-execution protocol filters out examples whose correctness is unstable603

across executions, including cases affected by nondeterministic behavior or code-test pairs that only604

pass stochastically. We did not manually repair such cases; any sample that failed compilation or605

testing in at least one run was excluded from the final dataset.606

Starting from the original 7,554 Rust tasks, this filtering process retained 7,511 valid samples. We607

then split the filtered dataset into 6,761 examples for supervised fine-tuning and 750 examples for608

validation. Each entry in the final split retains the same four-field structure: task identifier (task_id),609

Rust prompt (rust_prompt), Rust implementation (rust_code), and the complete list of test cases610

(rust_test_list).611

A.2 Validation of Gemini 3 Pro as Text Summarization Judge612

As mentioned in §4, we validated the use of Gemini 3 Pro Preview as LLM-as-a-Judge metric for613

our evaluation of the Text Summarization task. For this, we run the model on the SummEval dataset614

[5] and compare the model scores with the human annotations. We present the results in Table 1,615

showing that the model achieves generally high correlation of around 60% on all scores, and almost616

70% in the main inspected metric of consistency.617

A.3 SFT Hyperparameters618

For the main experiments, we tune the SFT hyperparameters separately for each model and dataset619

combination. The resulting configurations are shown in Table 2. The main runs use LoRA SFT with620

the target modules described in §3. We also include the full-finetuning configuration used for the621

OpenThinker 7B Rust ablation.622

For the SDFT [24] training result, we perform 26 runs with the following SFT settings: epochs623

∈ {1, 2, 3, 5}, learning rate η ∈ {1 × 10−4, 5 × 10−5, 1 × 10−5, 5 × 10−6}, batch size B ∈624

{16, 32, 64}, and EMA coefficient α ∈ {0.01, 0.02, 0.05}. We set max_token_length = 4096 and625

discarded training samples exceeding this budget, leaving roughly one-third of the examples. The626

best-performing run used epoch 2, learning rate 5 × 10−6, batch size 64, and EMA α = 0.05, and627

completed in about five hours using 4 NVIDIA H200 GPUs. The full four-panel text-summarization628

tradeoff is shown in Figure 5.629
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Table 2: SFT hyperparameters used for the main model and dataset combinations, plus the full-
finetuning ablation. Batch size denotes the effective training batch size.

Dataset Model Method Epochs Learning rate Batch size

Rust coding OpenThinker 7B LoRA 5 5× 10−5 16
Rust coding OpenThinker 7B Full FT 5 5× 10−5 16
Rust coding Apriel 15B LoRA 5 1× 10−4 64
Rust coding Olmo3 7B LoRA 3 5× 10−5 16
Text summarization OpenThinker 7B LoRA 1 5× 10−5 16
Text summarization Apriel 15B LoRA 1 1× 10−4 64
Text summarization Olmo3 7B LoRA 1 1× 10−5 16
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Figure 5: Text summarization tradeoff from SFT/merging experiments: Fluency, Relevance, Coher-
ence, and Consistency against MATH-500.

A.4 Experimental Details on other Text Summarization metrics630

In Figure 5, we demonstrate the performance of the trained models across all four metrics of fluency,631

relevance, coherence and consistency. As can be seen, the performance in the former three categories632

is already high in the baseline model, and remains stable across our training. The strongest change633

outside of consistency is due to a loss of relevance in SFT models, which is fully recovered by our634

method.635

B Prompts636

We use one task prompt for Rust code generation, one task prompt for text summarization, and637

four judge prompts for the text summarization evaluation. Figure 6 shows the Rust prompt used638

for both SFT training and MBPP Rust evaluation. Figure 8 shows the text summarization prompt639

used for both SFT training on the TLDR split and evaluation on the CNN split. For the LLM-based640

text summarization metrics, Gemini 3 Pro is prompted separately for each criterion: Figure 9 for641

relevance, Figure 10 for fluency, Figure 11 for factual consistency, and Figure 12 for coherence. In642

this section, we detail all prompts used for the respective models and tasks. Each prompt is shown643

in the same minipage-based figure format as the prompt examples in the original template.644
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1 user

2 You are a helpful coding assistant producing high-quality Rust code.

3 Strictly follow the instruction below to complete the function specified in the

4 instruction.

5 Your response should include all dependencies, headers and function declaration

6 to be directly usable (even for the ones seen in the given part).

7 You should NOT call or test the function in your response.

8 Output your complete implementation in a single code block wrapped in triple

9 backticks with `rust` specified, like this:

10 ```rust
11 // your function here

12 ```
13 Instruction:

14 {rust_prompt}

Figure 6: Prompt used for both training and evaluation in the Rust code generation task. The task
instruction varies per example and is inserted as {rust_prompt}.

1 user

2 {problem}

3 Please reason step by step, and put your final answer within \boxed{}.

Figure 7: Prompt used for MATH-500 evaluation. The problem is inserted as {problem}.

1 user

2 You are an expert in writing summarization.

3 Your task is to read the following Article and write a summary about it.

4

5 Output your complete summary after the <SUMMARY> tag, like this:

6 <SUMMARY>

7 // your summary here

8

9 Article:

10 {article}

Figure 8: Prompt used for both training and evaluation in the text summarization task. The article is
inserted as {article}.
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1 user

2 You are a helpful assistant in evaluating the quality of a summary.

3 You will be given a news article and a summary written for that article.

4 Your task is to evaluate the *relevance* of the summary.

5

6 Definition of Relevance:

7 Relevance measures how well the summary captures the important information from

8 the article. A relevant summary includes the most important main idea of the

9 article and avoids redundancies and minor, trivial, or unrelated details.

10

11 Evaluation Criteria (Relevance: 1-100)

12

13 80-100 -- The summary captures the key idea of the article accurately and

14 completely. It focuses on the essential information and avoids any

15 redundancies and unnecessary or irrelevant content.

16

17 40-79 -- The summary includes some important information but only partially

18 capture the main idea. It misses key points or includes some redundancies

19 or minor details.

20

21 1-39 -- The summary fails to capture the main idea of the article and completely

22 deviate from the main idea. It may focus on unimportant details or

23 irrelevant content or omit critical points.

24

25 Evaluation Steps:

26 1. Read and understand the article.

27 2. Identify the article's main idea and secondary details.

28 3. Read the summary and judge if it captures the main idea of the article.

29 4. Identify if there are any secondary details or redundancy in the summary.

30 5. Assign a score from 1 to 100 based on the Evaluation Criteria above.

31

32 Output your detailed thought process and formal justification based on the

33 Evaluation Criteria, and finally output your final score in the format shown

34 below:

35

36 <think>

37 // your thought process and justification

38 </think>

39

40 <Final score>

41 Relevance: // your final score

42

43 Article:

44 {{ARTICLE}}

45

46 Summary:

47 {{SUMMARY}}

Figure 9: Prompt used to evaluate summary relevance with Gemini 3 Pro. The article and generated
summary are inserted as {{ARTICLE}} and {{SUMMARY}}.
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1 user

2 You are a helpful assistant in evaluating the quality of a summary.

3 You will be given a news article and a summary written for that article.

4 Your task is to evaluate the *fluency* of the summary.

5

6 Definition of Fluency:

7 Fluency measures how easy the summary is to read.

8 All sentences in a fluent summary need to be readable and natural.

9 Minor grammatical, formatting, capitalization, or tokenization issues should

10 NOT be heavily penalized as long as they do not make the text difficult to read

11 or understand.

12

13 Evaluation Criteria (Fluency: 1-5)

14

15 5 -- The summary is easy to read and all the sentences are understandable and

16 natural. Minor issues such as awkward wording, missing capitalization, or

17 tokenization artifacts are acceptable if they do not hinder readability.

18

19 3 -- The summary is readable but some of sentences include awkward phrasing,

20 inconsistent grammar, or formatting problems that reduce readability.

21

22 1 -- The summary is difficult to read. It contains frequent grammatical errors,

23 broken or incomplete sentences, or severe formatting problems that

24 significantly hinder understanding.

25

26 Evaluation Steps:

27 1. Read and understand the article.

28 2. Read the summary and judge whether the text is easy to read and whether the

29 individual sentences are natural.

30 3. Assign a score from 1 to 5 based on the Evaluation Criteria above.

31

32 Only output the score. Do not include any additional explanations or text.

33 Use the following format:

34 Fluency: <score>

35

36 Article:

37 {{ARTICLE}}

38

39 Summary:

40 {{SUMMARY}}

Figure 10: Prompt used to evaluate summary fluency with Gemini 3 Pro.
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1 user

2 You are a helpful assistant in evaluating the quality of a summary.

3 You will be given a news article and a summary written for that article.

4 Your task is to evaluate the *consistency* of the summary.

5

6 Definition of Consistency:

7 Consistency measures how factually aligned the summary is with the article.

8 A consistent summary should not introduce information that contradicts the

9 article or contain hallucinated statements not supported by the source article.

10

11 Evaluation Criteria (Consistency: 1-5)

12

13 5 -- All statements in the summary are fully supported by the article. No

14 contradictions, distortions, or hallucinated details appear.

15

16 3 -- The summary is mostly consistent but includes minor inaccuracies, unclear

17 references, or slightly misleading phrasing. These issues do not

18 significantly alter the meaning.

19

20 1 -- The summary contains factual errors or statements that contradict the

21 article or introduce unsupported information.

22

23 Evaluation Steps:

24 1. Read and understand the article.

25 2. Read the summary and check whether each fact is supported by the article.

26 3. Assign a score from 1 to 5 based on the Evaluation Criteria above.

27

28 Only output the score. Do not include any additional explanations or text.

29 Use the following format:

30 Consistency: <score>

31

32 Article:

33 {{ARTICLE}}

34

35 Summary:

36 {{SUMMARY}}

Figure 11: Prompt used to evaluate summary consistency with Gemini 3 Pro.
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1 user

2 You are a helpful assistant in evaluating the quality of a summary.

3 You will be given a news article and a summary written for that article.

4 Your task is to evaluate the *coherence* of the summary.

5

6 Definition of Coherence:

7 Coherence measures how well the ideas in the summary fit together.

8 A coherent summary presents information in a logical order, with smooth

9 transitions between sentences. It should read as a connected, well-structured

10 whole.

11

12 Evaluation Criteria (Coherence: 1-5)

13

14 5 -- The summary is clearly organized and easy to follow. Sentences flow

15 naturally, and ideas progress in a logical order.

16

17 3 -- The summary is somewhat coherent but has noticeable issues in flow or

18 structure. Some sentences feel disconnected or out of place, yet the overall

19 meaning is still clear.

20

21 1 -- The summary is hard to follow. The sentences are out of order and loosely

22 connected, which makes the summary feel fragmented.

23

24 Evaluation Steps:

25 1. Read and understand the article.

26 2. Read the summary and assess whether the ideas are presented in a clear and

27 logical order.

28 3. Assign a score from 1 to 5 based on the Evaluation Criteria above.

29

30 Only output the score. Do not include any additional explanations or text.

31 Use the following format:

32 Coherence: <score>

33

34 Article:

35 {{ARTICLE}}

36

37 Summary:

38 {{SUMMARY}}

Figure 12: Prompt used to evaluate summary coherence with Gemini 3 Pro.
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