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Abstract001

Low-Rank Adaptation (LoRA) is a widely002
adopted parameter-efficient fine-tuning (PEFT)003
method. However, its linear adaptation pro-004
cess limits its expressive power. This means005
there is a gap between the expressive power006
of linear training and non-linear training. To007
bridge this gap, we propose AFA-LoRA, a008
novel training strategy that brings non-linear009
expressivity to LoRA while maintaining its010
seamless mergeability. Our key innovation011
is an annealed activation function that transi-012
tions from a non-linear to a linear transforma-013
tion during training, allowing the adapter to014
initially adopt stronger representational capa-015
bilities before converging to a mergeable lin-016
ear form. We implement our method on super-017
vised fine-tuning, reinforcement learning, and018
speculative decoding. The results show that019
AFA-LoRA reduces the performance gap be-020
tween LoRA and full-parameter training. This021
work enables a more powerful and practical022
paradigm of parameter-efficient adaptation.023

1 Introduction024

The growth of Large Language Models025

(LLMs)(Vaswani et al., 2017; Team et al.,026

2025; Achiam et al., 2023; Liu et al., 2024a; Bai027

et al., 2023) has revolutionized natural language028

processing. However, due to the extremely large029

number of parameters in these massive models,030

fully fine-tuning them for downstream tasks is031

usually infeasible. This challenge led to the032

development of the Parameter Efficient Fine-033

Tuning (PEFT) method, which aims to achieve034

competitive performance by training only a small035

fraction of the model’s parameters. Among these,036

Low-Rank Adaptation (LoRA) (Hu et al., 2022)037

has become a major method. LoRA freezes the038

weights W of the pre-trained model and inserts039

a trainable rank decomposition matrix (adapter)040

into each layer. The update is parameterized as041

∆W = α
rBA, where A ∈ Rr×din and B ∈ Rdout×r042

are the low-rank matrices with rank r, and α is a 043

scaling hyperparameter. This design allows the 044

adapter to be seamlessly merged back into the 045

main model after training. (Wnew = W + α
rBA). 046

Despite its wide application, LoRA’s expres- 047

sive power is limited. From a design perspec- 048

tive, LoRA’s forward propagation process is lin- 049

ear and lacks the nonlinear transformation capabil- 050

ity inherent in the feedforward layer of the basic 051

model, which is fully utilized during full param- 052

eter fine-tuning. By introducing non-linear func- 053

tions into LoRA’s training, we aim to reduce the 054

difference in performance between LoRA and full 055

fine-tuning. A seemingly straightforward solution 056

would be to introduce non-linear activation func- 057

tions (e.g., ReLU) between the LoRA matrices. 058

However, this approach creates a new problem: 059

the resulting non-linear adapter can no longer be 060

merged into the main model through simple matrix 061

addition. 062

To resolve this conflict, we propose AFA-LoRA 063

(Activation Function Annealing LoRA), a novel 064

training strategy that combines the advantages of 065

nonlinear training and linear integration. Our main 066

point is that the need for nonlinearity is especially 067

critical in the initial training phase of the model, 068

while the fusion capability only needs to be guar- 069

anteed to be linear at the end of training. AFA- 070

LoRA introduces an annealed activation function, 071

y = β · σ(x) + (1− β) · x, placed between the A 072

andB matrices of LoRA. The weight β is annealed 073

from 1 to 0 over the training process. Initially, the 074

adapter behaves as a powerful non-linear projector 075

(β = 1), maximizing learning capacity. As train- 076

ing progresses, it smoothly and differentiably tran- 077

sitions into a linear function (β = 0), guaranteeing 078

mergeability upon convergence. 079

We evaluated AFA-LoRA on a variety of tasks. 080

In the Supervised Fine-Tuning (SFT) benchmark, 081

it narrowed the performance gap between standard 082

LoRA and fully parametric fine-tuning. Secondly, 083
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we integrated AFA-LoRA into the GRPO frame-084

work(Shao et al., 2024) for reinforcement learn-085

ing, demonstrating that it also effectively reduces086

the gap between GRPO-LoRA and full-parameter087

GRPO, showing that it works well for more than088

just SFT. We also integrated AFA-LoRA into the089

draft model in Eagle, a popular speculative decod-090

ing framework. We added LoRA adapters to the091

draft model in Eagle and trained them together092

with the main weights. This enabled the draft093

model to accept longer token sequences, showing094

that AFA-LoRA can be well adapted to different095

tasks.096

In summary, our contributions are:097

• Problem Formulation: We point out the098

trade-off in LoRA between learning ability099

and integratability. Adding non-linearity100

helps models learn better, but it usuallymakes101

merging harder—a challenge for any merge-102

able PEFT method.103

• Method Innovation: We introduce Activa-104

tion Function Annealing (AFA), a training105

method that implements non-linear functions106

initially, then smoothly switches to linear107

ones for inference. This way, AFA-LoRA108

maintains full mergeability while boosting109

performance.110

• Experimental Validation: We show that111

AFA-LoRA works well on supervised fine-112

tuning, reinforcement learning (GRPO), and113

speculative decoding (Eagle). In all cases, it114

narrows the gap with full fine-tuning and still115

allows for easy merging after training.116

2 Theory117

This section presents the theoretical background118

for Activation Function Annealing (AFA). We de-119

fine AFA as a method that enables the exploration120

of both linear and non-linear function spaces dur-121

ing training. In addition, we analyze its advan-122

tages from an optimization perspective, showing123

how AFA can improve model adaptation and con-124

vergence.125

2.1 Formalization126

The fine-tuning process can be viewed as learn-127

ing a parameterized function Fθ(x) that adapts128

a pre-trained model. Within this framework, an129

adapter module (e.g., a LoRA branch) constitutes130

a specific functional component. The standard131

LoRA adapter applies a purely linear transforma- 132

tion: FLoRA(x) = W2W1x. This means there is 133

no non-linear activation between the two matrices; 134

it is equivalent to applying the identity function. 135

The core of our method is the introduction of a 136

time-dependent activation function σAFA, defined 137

as 138

σAFA(x; t) = β(t) · σ(x) + (1− β(t)) · x, (1) 139

where t ∈ [0, T ] denotes the training step, and β(t) 140

is an annealing coefficient that decreases monoton- 141

ically from β(0) = 1 to β(T ) = 0. The function 142

σ is a standard non-linear activation function, such 143

as ReLU. The resulting adapter using AFA is given 144

by FAFA(x; t) = W2(t) · σAFA(W1(t)x; t). 145

2.2 Key Properties 146

The AFA method has several features that help ex- 147

plain why it works well in practice. First, it sat- 148

isfies clear boundary conditions: at the start of 149

training (t = 0), σAFA(x; 0) = σ(x), endowing 150

the adapter with full non-linear capacity; at con- 151

vergence (t = T ), σAFA(x;T ) = x, reducing the 152

adapter to a linear function that can be seamlessly 153

merged into the main model. Second, provided 154

σ(x) and β(t) are continuous, σAFA(x; t) is con- 155

tinuous in its arguments, ensuring a smooth and 156

stable optimization trajectory. 157

Most importantly, AFA enables a dynamic ex- 158

pansion of the searching space. Let FLinear repre- 159

sent the space of linear adapters and FNonlinear the 160

space of non-linear adapters with a fixed σ. The 161

AFA strategy defines a continuous family of inter- 162

mediate spaces FAFA(t). This family originates 163

from the non-linear space, FAFA(0) = FNonlinear, 164

and terminates in the linear space, FAFA(T ) = 165

FLinear. Crucially, for any t < T , the linear space 166

is a proper subset, FLinear ⊂ FAFA(t). This guar- 167

anties that AFA searches a strictly richer space than 168

standard LoRA throughout most of the training 169

process, while finally converging to a mergeable 170

solution. 171

2.3 Optimization Landscape Perspective 172

The advantage of AFA can be further understood 173

through the lens of optimization. Full fine-tuning 174

operates on a complex, high-dimensional loss land- 175

scape LFull(Θ). In contrast, LoRA constrains 176

the optimization to a lower-dimensional subspace 177

LLoRA(θ), which may lack access to high quality 178

minima present in the full landscape. 179
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The AFA strategy can be viewed as a guided180

search. Initially, with β ≈ 1, the optimization oc-181

curs in an expanded space LAFA, leading to the dis-182

covery of more complex and deeper feature adap-183

tations. As β anneals to zero, the search space184

keeps getting smaller, guiding the optimization tra-185

jectory from the promising region found in the ex-186

panded space back into the constrained linear sub-187

space LLoRA. This process effectively guides the188

model parameters to a superior solution that can189

still be merged into the main model, thereby reduc-190

ing the performance gap between LoRA and full191

fine-tuning.192

2.4 Generality of the Framework193

The AFA formulation presented in Eq. (1) is not194

limited to the LoRA framework. It can be used195

in many cases where we want a neural network196

component to learn with more flexibility during197

training but need it to fit a certain structure at198

deployment. The concept can be generalized to199

any scenario where a target component Ctarget(x)200

is augmented with a more expressive component201

Cboost(x) during training via annealing. Using202

AFA in LoRA, where the final goal is a linear203

adapter, is a strong example of this general method.204

3 Related Work205

We build on developments in PEFT and explore206

new adaptations of activation functions for neural207

networks. Here, we summarize representative re-208

lated works that set the stage for our contribution.209

3.1 Parameter-Efficient Fine-Tuning210

The high cost of full fine-tuning has led to the211

creation of PEFT-based approaches. Early ap-212

proaches include adapter-based methods, which213

insert small, trainable modules between layers214

of a pre-trained model (Houlsby et al., 2019),215

and prompt-based techniques like prompt-tuning216

and prefix-tuning, which optimize continuous in-217

put vectors (Lester et al., 2021; Li and Liang,218

2021). Among these methods, Low-Rank Adap-219

tation (LoRA) (Hu et al., 2022) is widely used be-220

cause it is efficient, and its adapters can be easily221

merged into the main model after training; thus,222

there is no extra cost during inference. In our223

method, we use LoRA as a starting point and focus224

on improving its ability to learn complex patterns225

while retaining the integrable features.226

3.2 Advances in the LoRA Framework 227

The success of LoRA has inspired extensive re- 228

search aimed at improving its efficiency and per- 229

formance. One approach is adaptive parame- 230

ter allocation (e.g. AdaLoRA) (Zhang et al., 231

2023). AdaLoRA changes the rank of LoRA ma- 232

trices during training to better utilize computa- 233

tional resources. Other innovative methods in- 234

clude VeRA (Kopiczko et al., 2023), which fo- 235

cuses on parameter reduction, and DoRA (Liu 236

et al., 2024b), which decouples the magnitude and 237

direction of weight updates. QLoRA (Dettmers 238

et al., 2023) allows for fine-tuning large models us- 239

ing quantized weights, which saves memory and 240

speeds up training. 241

Most of these methods explore how to set up or 242

train the LoRA, but the core idea of linear adap- 243

tation remains unchanged. To address this issue, 244

some recent methods attempt to change the inter- 245

nal structure of adapters. Among the aforemen- 246

tioned works, our method stands out because it di- 247

rectly tackles the trade-off between learning ability 248

and easy merging. As far as we know, AFA-LoRA 249

is the first to add a time-dependent non-linearity 250

during training that gradually fades away, allowing 251

the adapter to learn more at first and then merge 252

smoothly into the main model. 253

3.3 Activation Functions in Model 254

Adaptation 255

Activation functions can effectively introduce non- 256

linearity into neural networks. They have been 257

widely used in pre-training and full fine-tuning, but 258

the exploration of their applications within PEFT 259

adapters is still limited. Most PEFT adapters only 260

retain the activations within the main model and 261

do not add new non-linear components to their 262

adapters. In our method, we propose introducing a 263

temporary non-linear activation to the adapter dur- 264

ing training, which helps to improve performance. 265

This idea is similar to activation annealing used 266

elsewhere, but here we apply it in PEFTwhile mak- 267

ing sure that merging after training remains easy. 268

Previous work such as PReLU (He et al., 2015) 269

has shown that allowing the activation function to 270

change during training is feasible. Our method 271

follows this idea by gradually changing the non- 272

linearity in adapters over time. 273
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3.4 Summary and Positioning274

Our proposed AFA-LoRA stands out among PEFT275

methods. Instead of just changing LoRA’s parame-276

ters, it improves the performance of adapters by in-277

troducing a temporary non-linear component dur-278

ing training. This non-linearity will converge to279

linear space complexity over the iterations, so there280

is no extra cost when using the model for infer-281

ence. Our method directly addresses the trade-off282

between learning ability and integratability, pro-283

viding a flexible solution that can help build better284

integrable adapters.285

4 Method286

In this part, we will present details about our pro-287

posed AFA-LoRA method. To better understand288

the motivation behind AFA-LoRA, we will recap289

the standard LoRA as a preliminary first.290

4.1 Preliminaries: Low-Rank Adaptation291

(LoRA)292

LoRA approximates the weight update of a pre-293

trained matrix W0 ∈ Rdout×din with a low-rank de-294

composition. The forward pass can be formulated295

as follows:296

h = W0x+∆Wx = W0x+BAx, (2)297

where A ∈ Rr×din , B ∈ Rdout×r are trainable ma-298

trices with rank r ≪ min(din, dout). After training299

with LoRA, the forward pass is merged as W ′ =300

W0 + BA, resulting in zero inference overhead.301

However, the linearity of ∆W does not fully ex-302

plore the expressive power of the pre-trained main303

model.304

4.2 Activation Function Annealing (AFA)305

To enhance expressivity while preserving integra-306

bility, we insert an annealed activation function be-307

tween A and B. The adapter starts as a non-linear308

function and converges to a linear function.309

4.2.1 Annealed Activation Function310

We set up the annealed activation function ϕ by311

smoothly mixing a non-linear function σ (e.g.,312

ReLU) with the identity function:313

ϕ(x;β) = β · σ(x) + (1− β) · x, (3)314

Where, β is a value that decreases from 1 to 0 as315

training continues. This means that when β = 1,316

wewill adapted non-linear function σ(x) for updat-317

ing, and when β = 0, we simply use x.318

4.2.2 AFA-LoRA Forward Computation 319

The AFA-LoRA forward pass is given by: 320

h = W0x+Bϕ(Ax;β(t))

= W0x+B [β(t)σ(Ax) + (1− β(t))Ax]
(4) 321

Where, t is the training step. The architectural 322

change is shown in Figure 1. At the end of train- 323

ing (β(T ) = 0), this calculation will converge 324

to h = W0x + BAx, which means all the extra 325

weights can be easily merged into the main model. 326

𝐹 𝑥 = 1 − 𝛼 𝑋 + 𝛼 ∅ 𝑋
[𝑒. 𝑔. ∅ = 𝑟𝑒𝑙𝑢 ]
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Figure 1: Architectural comparison of (a) Standard
LoRA and (b) AFA-LoRA. The annealed activation
function ϕ is placed beside the A and B matrices.

4.3 Annealing Schedule 327

The annealing schedule for β(t) is defined over a 328

range of training steps. A linear schedule is formu- 329

lated as: 330

β(t) = max
(
0, 1− max(0, t− Tstart)

Tend − Tstart

)
. (5) 331

In the experiment, unless otherwise specified, set- 332

ting Tstart = 0 and Tend = 0.3T anneals β over 333

the first 30% of training. The schedule profile is 334

illustrated in Figure 2. 335

f(x) = x (x>=0)

f(x) = 0 (x<0; t<𝑻𝒔𝒕𝒂𝒓𝒕)

f(x) = x  (x<0; t>=𝑻𝒆𝒏𝒅)

f(x) = β(t) x 
(x<0; t<𝑻𝒔𝒕𝒂𝒓𝒕)

𝑻𝒔𝒕𝒂𝒓𝒕 𝑻𝒆𝒏𝒅

t

β(t)

1

0

Figure 2: Illustration of ReLU-to-linear activation an-
nealing and the decay schedule for β(t) during training.

4.4 Training Algorithm 336

Algorithm 1 summarizes the training steps for 337

AFA-LoRA. The proposed AFA-LoRA is an effec- 338

tive extension of standard LoRA by only adapting a 339

time scheduler β(t) and non-linear function ϕ dur- 340

ing each forward pass. 341
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Algorithm 1 AFA-LoRA Training
1: Input: Model W0, Dataset D, Total steps T ,

Annealing range [Tstart, Tend]
2: Initialize LoRA parameters θ = (A,B).
3: for t = 1 to T do
4: β(t) = 1− (t− Tstart)/(Tend − Tstart)
5: Sample batch (x, y) ∼ D
6: Forward pass: h = W0x+B[β(t)σ(Ax)+

(1− β(t))Ax]
7: Compute loss L
8: Update θ via gradient descent
9: end for

10: Merge adapter: W ′ = W0 +BA

5 Experiments342

We applied our AFA-LoRA across three scenar-343

ios to comprehensively evaluate its performance.344

In the supervised fine-tuning domain, we eval-345

uate the method’s capability to enhance com-346

monsense reasoning using the Llama-3-8B model347

on the Commonsense-170K dataset, with perfor-348

mance evaluated across eight diverse benchmarks,349

including ARC-Challenge, BoolQ, and HellaSwag,350

through accuracy metrics. In the experiment of351

reinforcement learning, we integrate AFA-LoRA352

into the GRPO framework to optimize mathe-353

matical problem-solving policies on the GSM8K354

dataset, employing Qwen2.5 models ranging from355

3B to 32B parameters and quantifying improve-356

ments through reward gains and reductions in per-357

formance gaps relative to full fine-tuning. Fi-358

nally, in speculative decoding, we jointly train359

the draft model and AFA-LoRA adapters within360

the Eagle framework on the ShareGPT dataset us-361

ing Llama3.1-8B and evaluate token acceptance362

rates. Each experimental paradigm employs dis-363

tinct model architectures, adaptation strategies,364

and evaluation methodologies to validate AFA-365

LoRA’s capabilities across diverse scenarios.366

5.1 Supervised Fine-Tuning Experiments367

We include both LoRA and DoRA (Weight-368

Decomposed Low-Rank Adaptation) (Liu et al.,369

2024b) as baselines in our experiments. DoRA370

is an advanced parameter-efficient fine-tuning371

method that splits weight updates into direction372

and magnitude, enabling it to capture more com-373

plex changes than standard LoRA.374

We implemented activation function annealing375

with LoRA and DoRA on supervised fine-tuning376

with the Llama-3-8B (AI@Meta, 2024) model and 377

the Commonsense-170K (Hu et al., 2023) dataset, 378

which is designed for commonsense reasoning. 379

We evaluate performance across eight benchmarks: 380

ARC-Challenge (Clark et al., 2018), ARC-Easy, 381

BoolQ (Clark et al., 2019), HellaSwag (Zellers 382

et al., 2019), OpenBookQA (Mihaylov et al., 383

2018), PIQA (Bisk et al., 2020), Social IQA (Sap 384

et al., 2019), and WinoGrande (Sakaguchi et al., 385

2021). Our experiments compare AFA-enhanced 386

methods with three baselines: full parameter fine- 387

tuning (Full-SFT), standard LoRA, and DoRA. For 388

both LoRA and DoRA, we try seven different ways 389

of placing the annealed activation function in the 390

adapter structure, using rank r = 32 and scaling 391

factor α = 64. The value of β decreases linearly 392

over the first 30% of training steps, so in Equa- 393

tion (5), we set Tstart = 0 and Tend = T
3 . 394

Table 1 shows that both AFA-LoRA and AFA- 395

DoRA provide clear improvements over their base- 396

lines. The best AFA-LoRA setup achieves an av- 397

erage accuracy of 86.16%, which is 0.59% higher 398

than the standard LoRA (85.57%). For DoRA, the 399

top AFA-DoRA variant reaches 86.34%, a gain 400

of 0.89% over the DoRA baseline (85.45%). Im- 401

portantly, the best AFA-DoRA version reduces the 402

gap to full fine-tuning (87.07%) by about 54.94%, 403

while the best AFA-LoRA reduces this gap by 404

around 39.33%. 405

In conclusion, our experimental results demon- 406

strate that using activation function annealing with 407

LoRA or DoRA improve accuracy on common- 408

sense reasoning tasks. This approach contributes 409

to narrow the difference between lightweight tun- 410

ing methods and full fine-tuning technique. 411

5.2 Reinforcement Learning Experiments 412

We conduct reinforcement learning experiments 413

using the GRPO (Group Relative Policy Optimiza- 414

tion) framework, implemented with the Verl train- 415

ing system. This method uses preference optimiza- 416

tion within groups of responses to keep policy up- 417

dates stable. We test Qwen2.5-Instruct models 418

of different sizes (3B, 7B, 14B, and 32B)(Team, 419

2024; Yang et al., 2024) on GSM8K(Cobbe et al., 420

2021), a dataset for math reasoning tasks. For 421

training, we use the AdamWoptimizer with model- 422

specific learning rates (2×10−5 for 3B; 1.5×10−5 423

for 7B/14B; 1.3×10−5 for 32B). The global batch 424

size is set to 1024 and is split into PPO mini- 425

batches of 256 samples for each global batch. Each 426

sequence has up to 512 prompt tokens and up to 427
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Table 1: Commonsense reasoning evaluation results (Accuracy %) on Llama-3-8B. Results show the 30% decay
configuration for each AFA placement variant. Avg is the macro-average across all 8 tasks. The best result for each
method is bold.

Method Placement ARC-C ARC-E BoolQ HellaSwag OpenBookQA PIQA Social IQA WinoGrande Avg
FULL-SFT – 82.94 92.68 74.98 96.71 89.40 90.26 83.21 86.11 87.07
LoRA Baseline – 80.03 90.99 74.56 96.03 87.00 88.63 81.17 86.11 85.57

AFA-LoRA

σ-A-B 81.23 91.41 75.57 95.72 86.00 88.08 81.93 85.95 85.74
A-σ-B 79.78 91.25 75.60 96.03 86.80 88.52 81.37 86.66 85.75
A-B-σ 81.66 91.46 74.80 95.66 87.20 89.06 81.99 86.42 86.03
σ-A-σ-B 80.38 90.91 74.95 96.11 87.40 88.52 80.04 87.45 85.72
A-σ-B-σ 80.72 91.41 75.08 95.87 86.40 89.17 81.06 87.37 85.89
σ-A-B-σ 81.14 91.33 75.44 95.71 88.40 88.68 81.53 87.06 86.16
σ-A-σ-B-σ 80.29 90.82 75.96 95.74 87.20 89.06 80.60 85.87 85.69

DORA Baseline – 80.46 90.45 75.66 95.77 85.00 87.92 81.06 87.29 85.45

AFA-DORA

σ-A-B 80.37 91.07 75.19 95.23 85.60 89.11 81.11 87.21 85.61
A-σ-B 79.69 91.25 75.93 95.80 86.40 88.74 80.45 86.74 85.63
A-B-σ 80.97 91.62 75.56 95.90 88.40 89.11 82.59 86.58 86.34
σ-A-σ-B 80.20 91.07 75.99 96.05 87.60 89.33 81.16 87.21 86.08
A-σ-B-σ 79.52 90.74 75.35 95.75 85.40 89.88 81.21 87.05 85.61
σ-A-B-σ 81.48 91.58 76.17 95.66 86.80 89.00 81.42 86.97 86.14
σ-A-σ-B-σ 81.65 91.07 76.60 95.70 87.00 88.57 81.26 87.21 86.13

Table 2: Comprehensive GRPO Evaluation on GSM8K: Training and Validation Performance

Model Metric Full LoRA σA-B AσB ABσ σAσB σABσ AσBσ σAσBσ

3B
Train Reward 97.50 95.27 95.41 95.63 95.61 95.72 95.86 96.04 95.68
Val Reward 88.32 87.19 87.26 88.70 87.34 88.02 87.87 88.40 88.17
Val Gain - 0.0% 6.2% 133.6% 13.3% 73.5% 60.2% 107.1% 86.7%

7B
Train Reward 98.77 97.13 97.17 97.60 97.50 97.44 97.36 97.15 97.25
Val Reward 92.80 92.19 93.03 92.34 93.10 92.65 92.87 92.65 92.65
Val Gain - 0.0% 137.7% 24.6% 149.2% 75.4% 111.5% 75.4% 75.4%

14B
Train Reward 98.83 97.29 97.46 97.93 97.56 97.46 97.54 97.64 97.54
Val Reward 95.45 94.47 95.22 95.83 95.15 95.07 95.75 95.30 94.84
Val Gain - 0.0% 76.5% 138.8% 69.4% 61.2% 130.6% 84.7% 37.8%

32B
Train Reward 99.10 97.03 97.32 97.48 97.38 97.44 97.50 97.15 97.27
Val Reward 96.66 96.21 96.44 96.44 96.51 96.44 96.21 96.82 96.66
Val Gain - 0.0% 51.1% 51.1% 66.7% 51.1% 0.0% 135.6% 100.0%

Note:
- Gain represents the percentage improvement over standard LoRA gap reduction: Gain = Method Reward−LoRA Reward

Full Reward−LoRA Reward × 100%
- σ indicates the position of the ReLU activation relative to LoRA matrices A/B
- Bold values denote the best performance per metric and model size
- Gain values exceeding 100% indicate the method outperformed the Full-Train baseline

1024 response tokens. The loss includes KL diver-428

gence regularization (β = 0.001), but no entropy429

term is used. For each prompt, five responses are430

generated using vLLM (Kwon et al., 2023). We431

adapt gradient checkpointing and FSDP to save432

memory and speed up training (Zhao et al., 2023).433

All experiments are carried out with a total of fif-434

teen epochs. All variants of LoRA are set with435

rank r = 64 and scaling factor α = 32. For AFA-436

LoRA, β decays linearly over the first 30% steps in437

all tested placements.438

Table 2 shows that AFA-LoRA is highly ver-439

satile across different evaluation scenarios. Im-440

portantly, this method not only consistently nar-441

rows the performance gap with full parameter fine-442

tuning but also often surpasses it on validation443

metrics. This is a significant achievement for a 444

parameter-efficient approach. For example, the 445

ABσ configuration achieves a 149.2% improve- 446

ment at the 7B scale, which means it generalizes 447

even better than full fine-tuning in some cases. 448

These consistent gains across model sizes show 449

substantial task-agnostic benefits, especially for 450

mid-sized models where annealed non-linearity 451

provides significant benefits. All these improve- 452

ments are achieved while maintaining full inter- 453

gratability after training, so there is no extra infer- 454

ence cost, and deployment remains practical com- 455

pared to traditional fine-tuning methods. 456

Overall, these results demonstrate that AFA- 457

LoRA delivers clear and consistent improvements 458

to reinforcement learning tasks across a wide range 459
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of model sizes. The method is especially effective460

for mid-sized models, where it often achieves even461

better generalization than full fine-tuning. These462

findings highlight the value of activation func-463

tion annealing as a simple yet powerful technique464

for improving adaptation quality in large language465

models under RL optimization.466

5.3 Speculative Sampling Experiments467

We apply AFA-LoRA adapter to every linear layer468

in Eagle’s draft model. Each adapter uses an activa-469

tion function that gradually decays from non-linear470

and linear transformation during training.471

For each input x, the output is:472

y = Wmain x+B[ βσ(Ax) + (1− β)Ax] (6)473

where A,B are trainable low-rank matrices, σ474

is an activation function (ReLU/GeLU/SiLU), and475

β decays from 1 to 0 during training.476

Joint training with AFA-LoRA adapters en-477

hances the draft model’s capacity, particularly ben-478

eficial for smaller models like Eagle. Post-training,479

adapters merge into base weights without inference480

overhead.481

We evaluated our method on ShareGPT dataset482

with Llama-3.1-8B as the draft model, using483

AdamW optimizer with a learning rate of 6×10−5484

in BF16 precision.485

0.58

0.6

0.62

0.64

0.66

0.68

0.7

10 20 30 40 50

reparam reparam-relu

Figure 3: Llama3.1-8b training loss-epoch curves for
Eagle-1 on the ShareGPT dataset

Table 3 shows that applying AFA-LoRA486

adapters and training the draft model in Eagle487

with the adapters contributes to better results than488

using the standard Eagle alone. In both chain489

and tree decoding setups, Eagle_LoRA achieves490

a higher average of accepted tokens per prompt491

compared to naive Eagle, demonstrating that this492

joint training approach improves the draft model’s493

capacity for speculative decoding.494

SiLU (Elfwing et al., 2018) annealing yields495

the highest acceptance rates (Table 3), with496

Table 3: Average accepted tokens per prompt for spec-
ulative decoding on ShareGPT (Llama-3.1-8B), com-
paring standard Eagle to versions jointly trained with
LoRA adapters and various activation annealing meth-
ods, for both chain (d = 4) and tree (d = 5) models.

Chain Decoding
Activation MT-Bench GSM8K HumEval Alpaca
Eagle 1.6974 1.8861 2.2523 1.5810
Eagle_LoRA 1.6931 1.9208 2.2758 1.6032
Eagle_LoRA_ReLU 1.7297 1.9230 2.2711 1.6077
Eagle_LoRA_SiLU 1.7306 1.9308 2.2981 1.6349
Eagle_LoRA_GeLU 1.7161 1.9330 2.2841 1.5925

Tree Decoding
Activation MT-Bench GSM8K HumEval Alpaca
Eagle 3.1406 3.4137 3.8272 3.0851
Eagle_LoRA 3.1803 3.4765 3.8609 3.1677
Eagle_LoRA_ReLU 3.2124 3.4479 3.8806 3.1514
Eagle_LoRA_SiLU 3.2067 3.4849 3.8933 3.1654
Eagle_LoRA_GeLU 3.2020 3.4891 3.8693 3.1559
Note:
- Metrics represent average accepted tokens per prompt. AFA-
LoRA with ReLU, SiLU and GeLU use step decay (5 epoch
decay and 45 epoch stay linear).

+1.0%/+0.8% gains on HumanEval for chain/tree 497

decoding versus LoRA baseline. 498

Figure 3 shows the progressive advantage of 499

AFA-LoRA during training, showing the loss 500

curves of the Llama-3.1-8B Eagle-1 models on the 501

ShareGPT dataset. While both the pure LoRA 502

baseline and the AFA-LoRA based on ReLU start 503

from similar initial loss values, their trajectories 504

rapidly diverge as training progresses. The key ob- 505

servation is the increasing divergence between the 506

trajectories as the training continues. The gap of 507

performance between naive LoRA andAFA-LoRA 508

demonstrates that the annealed non-linearity pro- 509

vides compounding benefits throughout training, 510

with its relative advantage growing more pro- 511

nounced during the later optimization stages when 512

fine-grained feature refinement becomes critical. 513

Overall, adding AFA-LoRA adapters con- 514

tributes to performance gain of Eagle in accepting 515

tokens during speculative decoding. This shows 516

that our method is a strong choice for improving 517

draft models in real-world generation tasks. 518

6 Ablation Studies 519

In this section, we explore the impact of differ- 520

ent annealing schedules and activation functions 521

on AFA-LoRA performance. While our main ex- 522

periments (Section 5) focused on ReLU activation 523

with a 30% decay duration, here we evaluate SiLU 524

7



Table 4: Commonsense reasoning evaluation results (Accuracy %) with different decay steps and activation func-
tions. Results are grouped by method (DORA/LoRA) and activation function (GeLU/SiLU). The best average for
each method is bold.

Method Activation Decay ARC-C ARC-E BoolQ HellaSwag OpenBookQA PIQA Social IQA WinoGrande Avg

DORA GeLU
30% 82.00 91.46 75.81 95.79 87.60 88.63 81.01 85.48 85.97
60% 81.57 90.66 75.65 95.73 86.20 89.34 81.47 86.19 85.85
100% 80.72 90.91 74.68 95.72 86.20 88.74 80.91 85.87 85.47

SiLU
30% 80.20 91.46 75.26 95.95 87.40 88.79 81.06 85.64 85.72
60% 81.31 91.08 75.54 95.54 87.60 88.63 80.45 85.64 85.72
100% 78.75 90.99 75.35 95.74 88.20 88.08 81.27 86.27 85.58

LoRA GeLU
30% 80.80 91.12 76.42 95.96 86.60 89.39 80.45 86.90 85.96
60% 81.48 91.33 75.87 95.89 86.80 88.90 80.45 86.50 85.90
100% 80.03 90.95 74.71 95.68 85.40 89.17 81.27 86.11 85.41

SiLU
30% 80.20 90.95 74.83 95.89 87.40 89.23 80.55 86.66 85.71
60% 79.52 90.70 75.08 95.99 87.00 89.12 81.47 86.35 85.65
100% 78.67 90.53 75.69 95.56 87.00 88.74 80.91 86.27 85.42

and GeLU activations across three decay sched-525

ules. We performed ablation experiments using the526

same Llama3-8B LoRA SFT task described in Sec-527

tion 5.1, keeping the same hyperparameters (rank528

r = 32, scaling factor α = 64) and evaluation529

benchmarks. The key difference lies in the anneal-530

ing configurations: instead of changing the posi-531

tion of activation function as in the table 1, we fix532

the position with the manner of A-σ-B and change533

the activation function type (σ ∈ {SiLU,GeLU})534

and the decay schedules (Tend ∈ {0.3T, 0.6T, T}).535

Table 4 presents comprehensive results across536

all configurations. Across both LoRA and DoRA537

variants, the 30% decay schedule consistently538

achieves the best average performance. For LoRA539

with GeLU, the 30% decay yields 85.96% aver-540

age accuracy, outperforming 60% decay (85.90%)541

and 100% decay (85.41%). Similarly, DoRA with542

GeLU peaks at 85.97% with 30% decay. This pat-543

tern holds across activation functions, demonstrat-544

ing that early annealing followed by extended lin-545

ear training is the optimal strategy.546

Figure 3 shows why early annealing works. Dur-547

ing the decay phase, models with activation anneal-548

ing show slightly higher training loss than the base-549

line. However, as the training steps going further,550

the loss of our method outperforms the baseline551

with a more optimal convergence. This indicates552

that the nonlinear patterns captured during early553

training create a stronger foundation for later op-554

timization. The training process reveals that the555

nonlinear patterns captured during the early train-556

ing contribute to the performance gain and improve557

the optimality of convergence in the later training558

steps.559

These ablation studies confirm our key insight:560

AFA-LoRA’s effectiveness arises from utilizing561

the the nonlinear capabilities of activation func- 562

tions during early training. The 30% decay sched- 563

ule achieves the best performance by providing suf- 564

ficient nonlinear capacity for initial feature adapta- 565

tion alongside adequate linear training for conver- 566

gence integration. Therefore, we use this 30% de- 567

cay setting by default in nearly all subsequent ex- 568

periments (SFT in Section 5.1 and GRPO in Sec- 569

tion 5.2). 570

7 Conclusion 571

We propose Activation Function Annealing (AFA) 572

as a simple yet effective way to enhance the expres- 573

sive power of mergeable adapters like LoRA. By 574

gradually changing non-linear activations to linear 575

functions during training, AFA allows parameter- 576

efficient fine-tuning to perform better without los- 577

ing representational information for merging. Our 578

experiments in supervised fine-tuning, reinforce- 579

ment learning, and speculative decoding show that 580

AFA-based adapters can reduce the performance 581

gap with full-model adaptation. These gains come 582

from small architectural changes and do not add 583

any extra cost when deploying models for infer- 584

ence. 585

This work suggests new possibilities for design- 586

ing efficient model adapters. In future research, it 587

will be meaningful to explore adaptive annealing 588

schedules for different tasks, apply this strategy to 589

other other components in neural networks with di- 590

verse architectures, and automatically choose acti- 591

vation functions for specific domains. We believe 592

that activation function annealing is a strong foun- 593

dation for building high-performance yet practical 594

adaptation techniques. 595
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8 Limitations596

While AFA-LoRA performed well across multiple597

tasks, this study still has some limitations that war-598

rant further investigation in future work.599

AFA-LoRA introduces additional hyperparam-600

eters, including annealing time (Tstart, Tend), ac-601

tivation function type (ReLU, SiLU, GeLU), and602

their placement in the adapter. While experi-603

ments show that 30% annealing time and SiLU604

activation perform well on most tasks, these opti-605

mal configurations may vary across different tasks,606

datasets, or model sizes, requiring task-specific607

tuning. Additionally, the continuous gradient vari-608

ations during annealing may affect training stabil-609

ity, particularly in large-scale distributed training610

or resource-limited environments. Future work611

could explore adaptive annealing strategies, more612

stable optimization methods, and systematic eval-613

uations under various hardware setups to enhance614

the method’s robustness and practicality.615
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