
A Survey of Retentive Network

Anonymous ACL submission

Abstract001

The Retentive Network (RetNet) has recently002
emerged as a formidable successor to the Trans-003
former architecture. Although the self-attention004
mechanism excels at capturing global depen-005
dencies, its inherent quadratic complexity im-006
poses significant memory constraints and in-007
hibits scalability during long-sequence mod-008
eling. To overcome these challenges, RetNet009
introduces an innovative retention mechanism010
that integrates the inductive bias of recurrent011
neural networks with the parallelizable train-012
ing advantages of attention-based models. This013
unified representation allows RetNet to achieve014
constant-time inference and linear-time training015
without sacrificing representational capacity.016
Despite the growing body of research demon-017
strating the efficacy of RetNet across diverse018
fields such as natural language processing, com-019
puter vision, and time-series analysis, a system-020
atic synthesis of the current literature is cur-021
rently unavailable. This paper presents the first022
comprehensive survey of Retentive Networks023
through a detailed examination of its architec-024
tural foundations, core innovations, and special-025
ized variants. Furthermore, we provide a multi-026
disciplinary analysis of its applications ranging027
from basic sequence tasks to complex cross-028
modal scenarios. Finally, we offer prospective029
insights and suggest strategic avenues for fu-030
ture inquiry to facilitate the continued evolution031
of RetNet in both academic research and large-032
scale industrial applications.033

1 Introduction034

The introduction of the Transformer architecture035

by (Vaswani et al., 2017) marked a paradigm036

shift in deep learning through its exclusive re-037

liance on self-attention mechanisms. Owing to038

its strong capacity to model long-range depen-039

dencies and its highly parallelizable structure, the040

Transformer has become the dominant paradigm in041

*Corresponding author

natural language processing (NLP). Beyond NLP, 042

Transformer-based models have been successfully 043

extended to a broad range of domains, including 044

computer vision (CV), speech processing, and sci- 045

entific fields such as chemistry and bioinformat- 046

ics, demonstrating their versatility in capturing 047

complex, long-range dependencies across diverse 048

modalities (Lin et al., 2022). Despite its strengths, 049

the Transformer architecture faces notable limi- 050

tations. During training, its quadratic time com- 051

plexity makes modeling long sequences compu- 052

tationally costly. In the inference phase, linear 053

memory complexity arises from storing KV cache 054

for each token, resulting in significant memory 055

overhead. Although various approaches have been 056

explored to mitigate the complexity of the Trans- 057

former, achieving substantial reductions in compu- 058

tational overhead remains challenging (Choroman- 059

ski et al., 2020; Katharopoulos et al., 2020; Wang 060

et al., 2020). 061

To mitigate the computational limitations of stan- 062

dard Transformer architectures, a substantial body 063

of research has been proposed. Gated linear recur- 064

rent neural networks (Qin et al., 2023; De et al.) 065

incorporated gating mechanisms to reduce the 066

quadratic time complexity typically associated with 067

Transformer training. State Space Models com- 068

pressed sequence data into fixed-size representa- 069

tions, effectively mitigating the scaling issues inher- 070

ent in Transformers (Gu et al., 2021; Gu and Dao, 071

2023). Linear Transformers (Katharopoulos et al., 072

2020) further alleviated memory and computational 073

overhead by employing linear attention mecha- 074

nisms, allowing both time and memory complexity 075

to scale linearly with sequence length. The Re- 076

ceptance Weighted Key Value (RWKV) leverages 077

linear attention to reduce computational complex- 078

ity and memory usage during inference (Peng et al., 079

2023; Li et al., 2024). Among these, RetNet (Sun 080

et al., 2023) stands out as a compelling solution, it 081

integrated a multi-scale retention mechanism which 082
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Figure 1: Structure of this paper.

employs three computational paradigms namely083

parallel, recurrent, and chunkwise recurrent rep-084

resentations. By leveraging these paradigms, Ret-085

Net achieves performance comparable to Trans-086

formers while enabling constant-time O(1) infer-087

ence, reduced memory overhead, and efficient long-088

sequence modeling.089

By employing the retention mechanism, the de-090

cay mask makes RetNet very versatile for a wide091

range of applications, from NLP (Cheng et al.,092

2024), CV (Fan et al., 2024), natural science (Luo093

et al., 2025) to social engineering (Yan et al., 2025).094

With the rapid expansion of research and applica-095

tions of RetNet, this survey aims to shed light on096

current progress in this field.097

As depicted in Figure 1, the remainder of this098

paper is organized as follows: Section 2 delves099

into the principle and mechanism of RetNet, and100

Section 3 explores the extensive applications of101

RetNet in diverse domains, including NLP, CV,102

natural sciences, social engineering, and audio pro-103

cessing. Section 4 examines the primary challenges104

confronting RetNet and outlines prospective direc-105

tions for future research. Finally, the Appendix pro-106

vides foundational background and a comparison107

between RetNet and other models. These sections108

offer additional technical depth and context to the109

main discussion. 110

2 Retentive Network 111

Despite their effectiveness in capturing long-range 112

dependencies, Transformer models incur high com- 113

putational complexity and exhibit inefficiencies 114

when processing long sequences (Lin et al., 2022). 115

RetNet(Sun et al., 2023) theoretically derived the 116

connection between recurrence and attention and 117

proposed retention mechanism for sequence mod- 118

eling. RetNet has been shown to achieve low- 119

cost inference, efficient long-sequence modelling, 120

Transformer-comparable performance, and parallel 121

model training simultaneously. 122

2.1 Retentive Network 123

RetNet is constructed as a stack of L identical 124

blocks, each comprising two core components: a 125

Multi-Scale Retention (MSR) module and a Feed- 126

Forward Network (FFN) module. For a given se- 127

quence of input x = x1 · · ·x|j|, where |j| rep- 128

resents the length of the sequence, RetNet uti- 129

lizes an autoregressive encoding method to pro- 130

cess the sequence. The input is packed into X0 = 131

[x1, · · · , x|j|] ∈ R|j|×dmodel , where dmodel is the di- 132

mension of the hidden layer. The contextualized 133

representations are then computed as follows: 134
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Figure 2: Dual form of RetNet. “GN” denotes GroupNorm.

X l = RetNetl(X
l−1), l ∈ [1, L]. (1)135

The retention mechanism, which admits both136

recurrent and parallel formulations, is central to the137

effectiveness of RetNet. Given an input sequence138

X ∈ R|j|×dmodel , each input vector Xn is projected139

into a value representation vn = Xnwv, where wv140

is a learnable projection matrix. Then make the141

projection Q,K:142

Q = XWQ, K = XWK , (2)143

where WQ,WK ∈ Rd×d are learnable matrices.144

Consider a sequence modeling problem, through145

the state sn ∈ Rd×d mapping vn to a vector of on.146

sn = Asn−1 +K⊤
n vn

on = Qnsn =

n∑
m=1

QnA
n−mK⊤

mvm,
(3)147

where Kn, Qn is the projection of the time step n.148

Further, diagonalize A = Λ(γeiθ)Λ−1,149

where Λ is the reversible matrix, γ is the150

decay mask, according to Euler’s formula151

eiθ = [cos θ1, sin θ2, · · · , cos θd−1, sin θd], then152

An−m = Λ(γeiθ)n−mΛ−1, n, m is the time step.153

Equation 3 becomes:154

on =
n∑

m=1

(Qn(γe
iθ)n)(Km(γeiθ)−m)⊤vm

=

n∑
m=1

γn−m(Qne
inθ)(Kmeimθ)†vm,

(4)155

where Qn(γe
iθ)n, Km(γeiθ)−m is the xPos (Sun156

et al., 2022), † is the conjugate transpose. einθ157

and eimθ serve as rotational factors that encode 158

positional information using complex exponential 159

forms, where θ denotes the learnable parameters 160

employed to model relative phase differences for 161

the purpose of capturing sequential dependencies. 162

Parallel Representation of Retention As shown 163

in Figure 2a, the retention layer is defined as: 164

Q = (XWQ)⊙Θ, K = (XWK)⊙Θ,

V = XW V ,

Dnm =

{
γn−m, n ≥ m

0, n < m
,

Retention(X) = (QK⊤ ⊙D)V,

(5) 165

where ⊙ is the Hadamard product, Θ is the position- 166

dependent modulation term, and Θ denotes its com- 167

plex conjugate, and D ∈ R|j|×|j| constitutes a uni- 168

fied matrix that jointly encodes causal masking and 169

exponential decay as a function of relative posi- 170

tional distance. 171

Recurrent Representation of Retention As 172

shown in Figure 2b, at the n-th timestep, the output 173

is recurrently obtained as follows: 174

Sn = γSn−1 +K⊤
n Vn,

Retention(Xn) = QnSn, n = 1, · · · , |j|.
(6) 175

Chunkwise Recurrent Representation of Reten- 176

tion The input sequences are segmented into 177

chunks. Within each chunk, the computation is 178

carried out using the parallel representation Equa- 179

tion 5. In contrast, information across chunks is 180

propagated using the recurrent representation Equa- 181

tion 6. Specifically, let B denote the chunk length. 182
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The retention output of the i-th chunk is computed183

as follows:184

Q[i] = QBi:B(i+1),

K[i] = KBi:B(i+1),

V[i] = VBi:B(i+1),

Ri = K⊤
[i](V[i] ⊙ ζ) + γBRi−1,

Retention(X[i]) = (Q[i]K
⊺
[i] ⊙D)V[i]︸ ︷︷ ︸

Inner-Chunk

+ (Q[i]Ri−1)⊙ ξ︸ ︷︷ ︸
Cross-Chunk

,

ξij = γi+1, ζij = γB−i−1,

(7)185

where [i] indicates the i-th chunk, i.e., x[i] =186

[x(i−1)B+1, · · · , xiB]. ζ and ξ are exponential de-187

cay factors that modulate the influence of intra-188

chunk and inter-chunk information.189

Gated Multi-Scale Retention In each layer, the190

number of retention heads is defined as h =191

dmodel/d, where d denotes the head dimension.192

Each head is associated with distinct parameter193

matrices WQ,WK ,W V ∈ Rd×d. MSR mech-194

anism assigns a unique decay factor γ to each195

head. For simplicity, identical γ values are used196

across different layers and kept fixed. To enhance197

the non-linearity of the retention layers, a swish198

gate (Hendrycks and Gimpel, 2016; Ramachandran199

et al., 2017) is introduced. Given the input X , the200

computation of the layer is defined as follows:201

γ = 1− 2−5−arange(0,h) ∈ Rh,

headi = Retention(X, γi),

Y = GNh(Concat(head1, · · · ,headh)),
MSR(X) = (swish(XWG)⊙ Y )WO,

(8)202

where WG, WO ∈ Rdmodel×dmodel are learnable pa-203

rameter matrices. arange(0, h) denotes a vector204

of integers from 0 to h − 1, used to assign dis-205

tinct decay scales across h attention heads. GN206

denotes Group Normalization (Wu and He, 2018),207

applied to each head output following the SubLN208

strategy in (Shoeybi et al., 2019). Since each head209

employs a distinct γ scale, their output variances210

differ, which necessitates separate normalization.211

Overall Architecture of Retention Networks212

As illustrated in Figure 3, an L-layer retention net-213

work is constructed by stacking MSR and FFN214

modules. The input sequence {xi}|j|i=1 is first215

FFN

Layer Normalization

MSR

Layer Normalization

 Retention

GN

Concat

swish

Figure 3: Overall architecture of RetNet.

mapped to vector representations via a word em- 216

bedding layer. The resulting embeddings, denoted 217

as X0 = [x1, · · · , x|j|] ∈ R|j|×dmodel , serve as the 218

initial input to the model. The final output is repre- 219

sented as XL. 220

Y l = MSR(LN(X l)) +X l,

X l+1 = FFN(LN(Y l)) + Y l,
(9) 221

where LN(·) denotes the Layer Normalization func- 222

tion (Ba et al., 2016). The feed-forward network 223

(FFN) is defined as 224

FFN(X) = gelu(XW1)W2, 225

where W1 and W2 are learnable parameter matri- 226

ces, and gelu(·) is the Gaussian Error Linear Unit 227

activation function. 228

2.2 Variants of RetNet 229

While RetNet provides a strong baseline for se- 230

quence modeling, its standard one-dimensional ex- 231

ponential decay formulation restricts its applica- 232

bility to non-causal data (e.g., images) and very 233

deep architectures. Accordingly, recent work has 234

proposed several specialized variants that address 235

these limitations along three complementary direc- 236

tions: spatially adaptive decay mechanisms, en- 237

hanced signal propagation, and improved bidirec- 238

tional inference. 239
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Spatial and Structural Adaptation. A funda-240

mental challenge in extending RetNet to computer241

vision lies in bridging the mismatch between one-242

dimensional causal retention and two-dimensional243

non-causal spatial structures. RetViT (Dongre244

and Mehta, 2024) addresses this issue through245

a straightforward adaptation that replaces the at-246

tention blocks in ViT with one-dimensional re-247

tention, treating images as flattened sequences to248

achieve linear computational complexity. How-249

ever, such a formulation does not explicitly en-250

code two-dimensional spatial locality. To this end,251

RMT (Fan et al., 2024) introduces a Manhattan252

Self-Attention (MaSA) mechanism, which decom-253

poses the decay mask into two orthogonal one-254

dimensional components corresponding to height255

and width. This design enables the retention mech-256

anism to decay according to Manhattan distance257

rather than sequence index. Building on this spa-258

tial prior, GRetNet (Han et al., 2024) extends the259

approach to hyperspectral imaging by combining260

Manhattan-based decay with a Gaussian Multi-261

head Attention (GMA) mechanism, thereby effec-262

tively modeling local spectral–spatial correlations.263

In the three-dimensional setting, RetFormer (Er-264

abati and Araujo, 2024) further generalizes the re-265

tention module to point cloud processing by in-266

corporating decay functions based on 3D spatial267

coordinates.268

Signal Propagation and Training Stability. As269

RetNet is scaled to deeper architectures, the pro-270

gressive attenuation of historical information may271

lead to signal degradation. DenseRetNet (He et al.,272

2024) addresses this issue by incorporating the prin-273

ciples of Dense State Space Models (DenseSSM).274

Specifically, it introduces dense inter-layer con-275

nections that project hidden states from shallower276

layers to deeper ones, thereby improving gradient277

propagation and feature reuse while preserving the278

advantage of fully parallel training.279

Bidirectional and Generative Optimization.280

Standard RetNet operates in a strictly causal (uni-281

directional) manner, which limits its applicability282

to tasks that require global context or bidirectional283

reasoning, such as image understanding and gener-284

ation. To address this limitation, LION-D (Afzal285

et al., 2025) refines the RetNet architecture by re-286

formulating the decay mechanism into a linear-287

attention–like structure that supports bidirectional288

processing while preserving RNN-style inference289

efficiency. For generative applications, RetCom-290

pletion (Cang et al., 2024) introduces a Bi-RetNet 291

architecture that employs a dual-pathway design 292

to process contextual information in both forward 293

and backward directions. Combined with a pixel- 294

wise inference strategy, this approach enables high- 295

fidelity image completion and achieves substan- 296

tially higher inference speed than autoregressive 297

Transformer-based models. 298

A comparative summary of these variants is pre- 299

sented in Appendix Table 3. 300

3 Applications of Retentive Network 301

RetNet has emerged as a general-purpose sequence 302

modeling framework whose dual formulation en- 303

ables both scalable parallel training and efficient 304

recurrent inference. Owing to these properties, it 305

has been widely adopted across diverse application 306

domains. 307

3.1 Natural Language Processing 308

RetNet has demonstrated significant promise in 309

advancing NLP, particularly by addressing the scal- 310

ability and memory efficiency challenges inherent 311

in LLMs. Its innovative retention mechanism en- 312

ables more efficient handling of long sequences and 313

enhances the performance of complex reasoning 314

tasks. 315

Efficient Language Architectures. One of the 316

key challenges in NLP is the substantial memory 317

overhead required by traditional Transformer-based 318

models, especially with KV caches in LLMs. Ret- 319

Net’s retention mechanism significantly mitigates 320

this issue by providing a more memory-efficient 321

approach to sequence modeling. For example, 322

YOCO (Sun et al., 2024) introduces a decoder- 323

decoder architecture that reduces KV cache re- 324

quirements while maintaining robust contextual 325

understanding. Similarly, frameworks such as 326

LION (Afzal et al.) and LION-D (Afzal et al., 327

2025) adopt fixed decay masks within RetNet, fa- 328

cilitating linear-time inference and maintaining the 329

necessary parallelism for large-scale training, thus 330

striking a balance between computational cost and 331

performance. 332

Reasoning and Knowledge Representation. 333

RetNet is well suited for complex reasoning tasks 334

in NLP due to its ability to model structured de- 335

pendencies in sequential data. This property has 336

been effectively exploited in applications such as 337

knowledge graph reasoning and multi-hop infer- 338

ence. Cheng et al. (2024) utilize RetNet as an 339
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encoder for knowledge graph reasoning, leverag-340

ing its capacity to capture structural dependencies.341

Additionally, in sequence-to-sequence tasks, the342

STSR model (Su et al., 2024) applies RetNet’s343

parallel retention module to speed up multi-hop344

reasoning. DenseRetNet (He et al., 2024) further345

improves feature extraction by integrating dense346

hidden connections, enabling better information347

propagation in deep reasoning processes.348

3.2 Computer Vision349

Extending RetNet to computer vision introduces a350

fundamental challenge, namely reconciling the one-351

dimensional causal decay inherent to the retention352

mechanism with the two-dimensional and generally353

non-causal nature of visual data.354

Visual Backbones and Spatial Decay. A central355

line of research focuses on modifying the decay356

mask to encode spatial relationships. RetViT (Don-357

gre and Mehta, 2024) demonstrates that substitut-358

ing self-attention with retention blocks within Vi-359

sion Transformers can improve training efficiency360

while preserving representational capacity. To ex-361

plicitly model two-dimensional spatial structure,362

RMT (Fan et al., 2024) introduces Manhattan363

Self-Attention, which decomposes spatial interac-364

tions into orthogonal axes and applies bidirectional365

decay based on Manhattan distance. This spa-366

tially aware decay formulation is further extended367

in GRetNet (Han et al., 2024), where Gaussian-368

decayed retention is employed to capture local369

spectral and spatial correlations in hyperspectral370

imagery. A related strategy is adopted by Ran-371

geRet (MOSCO, 2023), which applies distance-372

based decay to efficiently model spatial context in373

LiDAR semantic segmentation.374

Dense Prediction and Generation. The multi-375

scale nature of retention makes RetNet particu-376

larly effective for dense prediction tasks that re-377

quire hierarchical feature aggregation. SegRet (Li378

et al., 2025) and RetSeg3D (Erabati and Araujo,379

2025) incorporate multi-scale retention into two-380

dimensional and three-dimensional semantic seg-381

mentation frameworks, respectively, enhancing382

contextual modeling while maintaining computa-383

tional efficiency. Extending this to industrial in-384

spection, Multilevel RetNet (Zou et al., 2025) com-385

bines multi-scale retention with edge-enhanced at-386

tention for fine-grained infrastructure crack detec-387

tion. In generative settings, RetCompletion (Cang388

et al., 2024) leverages a parallelized retentive de-389

coder to enable real-time image inpainting. Simi- 390

larly, regarding image restoration, RetUIE (Guan 391

et al., 2025) introduces a retention-based channel 392

self-attention module for underwater image en- 393

hancement to mitigate color degradation. Retention 394

mechanisms have also been adopted in multi-modal 395

and feature fusion scenarios. The SwiFTeR archi- 396

tecture (Hu et al., 2024a) and the Cross-Axis Trans- 397

former (Erickson, 2023) employ retention to aggre- 398

gate visual information across spatially partitioned 399

regions or heterogeneous inputs, supporting effi- 400

cient cross-modal interaction (Wang et al., 2025c; 401

Huang et al., 2024a). 402

Video and 3D Temporal Modeling. For vision 403

tasks involving temporal dynamics, such as video 404

understanding and point cloud processing, RetNet’s 405

recurrent formulation provides notable advantages 406

in inference efficiency. RCAT (Xie et al., 2024b) 407

and Maskable RetNet (Hu et al., 2024b) exploit 408

retention to model long-range temporal dependen- 409

cies for video recognition and moment retrieval. 410

In three-dimensional perception, LION (Liu et al., 411

2024b) achieves linear computational complexity 412

for point cloud sequences through groupwise re- 413

tention. MonoRetNet (Fan and Liu, 2024) further 414

explores temporal modeling by introducing a half- 415

duplex bidirectional retention scheme for monocu- 416

lar depth estimation, highlighting RetNet’s poten- 417

tial for sequential visual reasoning. 418

3.3 Natural Science 419

Scientific discovery frequently involves analyzing 420

signals characterized by extreme sequence lengths, 421

strong causal constraints, or complex multi-scale 422

dynamics. RetNet is particularly well suited to 423

such settings due to its scalable sequence model- 424

ing capability and its ability to preserve long-term 425

dependencies with controlled computational com- 426

plexity. 427

Physics and Signal Processing. In high-energy 428

physics, JetRetNet (Guvenli and Isildak, 2024) 429

models multi-scale dependencies for particle track- 430

ing. For signal classification, RetNet-based archi- 431

tectures have been adapted to radio-frequency mod- 432

ulation recognition (Han et al., 2025) and radar 433

perception (Cheng and Cao, 2025), where both 434

temporal continuity and spatial proximity are es- 435

sential. Beyond classification, RetNet has also been 436

employed for anomaly detection in cyber-physical 437

systems (Min et al., 2025) and for transient sta- 438

bility assessment in power systems (Zhang et al., 439
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2024a), leveraging its capacity to capture long-term440

temporal irregularities.441

Bio-Sequence Analysis. Biological sequences442

such as genomic, proteomic, and transcriptomic443

data pose fundamental long-context modeling chal-444

lenges. RetNet has demonstrated effectiveness in445

this domain by enabling efficient modeling of long-446

range dependencies. Representative applications in-447

clude haplotype assembly (Luo et al., 2025), spike448

protein feature analysis (Liu et al., 2024c), and449

large-scale transcriptomic modeling (Zeng et al.,450

2024). In the context of drug discovery, Peng et al.451

(2024) employ dual RetNet encoders to separately452

extract representations from drug molecules and453

protein targets, facilitating accurate modeling of454

their interactions.455

Biomedical Signal and Image Processing. In456

electroencephalogram analysis, its recurrent formu-457

lation enables effective modeling of temporal de-458

pendencies for both decoding (Wang et al., 2025b)459

and denoising tasks (Wang et al., 2024a). For460

medical imaging, recent work has focused on im-461

proving efficiency in segmentation and classifica-462

tion. Models such as PFPRNet (Chu et al., 2024)463

and ResGDANet (Li and Huang, 2025) integrate464

spatial retention mechanisms to enhance feature465

representation, achieving favorable trade-offs be-466

tween computational efficiency and diagnostic per-467

formance (ELKarazle et al., 2023; Lin et al., 2025a;468

Zhou et al., 2024). In particular, Ret-UNet (Guo469

et al., 2026) further advances segmentation by in-470

corporating a self-retention mechanism to explicitly471

model global anatomical relationships, addressing472

the limited receptive field of traditional CNNs.473

3.4 Spatio-Temporal Systems and474

Environmental Modeling475

Spatio-temporal environmental systems involve476

large-scale data with strong locality and long-range477

temporal dependencies. RetNet effectively models478

these scenarios by combining scalable global con-479

text aggregation with efficient temporal dynamics.480

Remote Sensing and Monitoring. In remote481

sensing and monitoring, RetNet facilitates the anal-482

ysis of high-resolution spatial data with global con-483

textual awareness. It has been applied to building484

change detection (Lin and Piao, 2024), domain-485

agnostic fire detection (Kim et al., 2024), and ro-486

tating object detection in aerial imagery (Liu et al.,487

2024a). Beyond satellite imagery, RetNet has also488

been employed in structural health monitoring, 489

where it improves anomaly detection for bridge 490

inspection (Wang et al., 2025a) and coal gangue 491

identification (Zhang et al., 2025c). Expanding 492

to aviation safety, recent works leverage retention 493

mechanisms for real-time flight phase classifica- 494

tion (Tomiło et al., 2025) and aircraft landing dis- 495

tance measurement (Tomiło, 2025), ensuring high 496

precision in critical operational monitoring. These 497

applications highlight RetNet’s ability to balance 498

modeling capacity and inference efficiency. 499

Spatio-Temporal Forecasting. Modeling urban 500

dynamics and social systems requires jointly cap- 501

turing spatial correlations and temporal evolu- 502

tion. RetNet-based architectures have demon- 503

strated strong performance in traffic flow forecast- 504

ing by effectively decoding time-dependent and 505

spatially correlated features (Li and Bao; Zhu et al., 506

2024; Long et al., 2024; Yan et al., 2025). Its 507

applicability further extends to environment and 508

safety critical scenarios, including photovoltaic 509

power generation forecasting under hazy condi- 510

tions (Yang et al., 2024b) and real-time earthquake 511

early warning through seismic wave representation 512

learning (Zhang et al., 2024b). 513

For additional applications of RetNet beyond the 514

domains discussed above, readers are referred to 515

Appendix C and Appendix D. 516

4 Challenges and Future Directions 517

Despite its promising advances in balancing speed 518

and performance, several critical challenges and 519

uncharted territories remain that limit its broader 520

applicability and further improvement. Below, we 521

outline four core directions for future research that 522

target these key limitations, aiming to refine, ex- 523

tend, and enhance the RetNet framework. 524

4.1 The Associative Recall Bottleneck 525

RetNet summarizes historical context through ex- 526

ponential decay into a fixed-size recurrent state, 527

which inherently introduces information loss over 528

long sequences. This phenomenon, commonly re- 529

ferred to as the associative recall bottleneck, dif- 530

ferentiates retentive models from attention-based 531

architectures that allow explicit retrieval of distant 532

tokens. 533

Information Preservation. Existing retention 534

mechanisms employ fixed or weakly adaptive de- 535

cay rates, which may excessively attenuate salient 536
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or low-redundancy information. Further research537

is needed to explore adaptive decay formulations538

or selective state update strategies that condition539

information retention on token importance, task re-540

quirements, or uncertainty estimates. Related ideas541

from structured state-space models, such as selec-542

tive scanning (Gu and Dao, 2023), provide useful543

reference points.544

In-Context Learning. The effectiveness of Ret-545

Net in few-shot and in-context learning settings has546

not been systematically evaluated. Understanding547

how state compression, decay schedules, and state548

dimensionality affect in-context generalization re-549

mains an open problem and is critical for assessing550

the suitability of RetNet in long-context reasoning551

tasks.552

4.2 Scaling Laws and Training Stability553

While RetNet demonstrates favorable efficiency554

properties at moderate scales, its scaling behavior555

with increasing model depth and parameter count556

remains largely unexplored.557

Signal Propagation. The recurrent accumulation558

of hidden states may lead to signal attenuation or559

instability as depth increases. Prior observations560

in deep retentive architectures suggest the need for561

retention-aware normalization schemes, principled562

decay parameterization, and structured residual de-563

signs to ensure stable optimization (He et al., 2024).564

However, these design choices have not yet been565

systematically studied.566

Generation Reliability. When relevant context567

has decayed, models may rely more heavily on568

priors, potentially increasing hallucination rates.569

Quantifying this effect across different decay570

regimes and task settings remains an important571

open research direction.572

4.3 The Hybrid Frontier: Beyond Pure573

Retention574

Accumulating evidence suggests that purely reten-575

tive architectures may not be optimal across all576

tasks and modalities, motivating the exploration of577

hybrid designs.578

Architectural Hybridization and Integration.579

Purely retentive architectures are often subopti-580

mal, driving the development of hybrids. Com-581

bining retention with sparse or retrieval-based at-582

tention mitigates recall limitations while main-583

taining efficiency. Furthermore, models like584

KARMA (Tomiło et al., 2025) integrate retention 585

with Kolmogorov-Arnold Networks (KANs) to re- 586

place standard MLPs. This positions RetNet as a 587

versatile backbone for compact, hardware-efficient 588

designs across diverse paradigms. 589

Modality-Specific Design. Different modalities 590

exhibit distinct structural and temporal characteris- 591

tics. Applying retention mechanisms to sequential 592

modalities, such as audio or video, while retain- 593

ing attention-based modeling for spatial modalities 594

offers a principled approach to multimodal repre- 595

sentation learning (Zhu et al., 2025; Wang et al., 596

2025c). 597

4.4 Reliability and Robustness 598

The recurrent state in RetNet serves as a com- 599

pressed summary of historical context and plays a 600

critical role during inference. However, the robust- 601

ness of this state under distribution shifts, noisy 602

inputs, or adversarial perturbations has not been 603

systematically studied. Future work should investi- 604

gate how errors accumulate or propagate through 605

the retentive state over long horizons, as well as 606

how such effects impact downstream prediction 607

reliability. 608

5 Conclusion 609

In summary, this paper provides a comprehensive 610

synthesis of the existing literature on RetNet, eluci- 611

dating its architectural foundations, practical appli- 612

cations, and the critical challenges that remain. To 613

the best of our knowledge, this work constitutes the 614

first dedicated review of RetNet, offering a struc- 615

tured perspective on its rapidly evolving ecosystem. 616

By identifying key research gaps and future direc- 617

tions, we aim to provide a foundational roadmap 618

that fosters continued innovation and exploration 619

within this promising paradigm. 620

Limitations 621

This survey comprehensively reviews Retentive 622

Networks and their variants across various domains. 623

However, certain limitations remain. First, despite 624

efforts to include all relevant literature prior to sub- 625

mission, some recent or niche studies might be 626

omitted. Second, our discussion focuses on the 627

architectural and algorithmic characteristics of Ret- 628

Net models rather than application-specific imple- 629

mentation details. Readers are therefore encour- 630

aged to consult the original papers for detailed ex- 631

perimental results and practical insights. 632
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A Background1117

A.1 Recurrent Neural Networks1118

Recurrent Neural Networks (RNNs) are designed1119

to model sequential and time-series data by main-1120

taining a hidden state, which allows the network1121

to capture temporal dependencies across time 1122

steps (Hochreiter and Schmidhuber, 1997). For- 1123

mally, the RNN can be described by the following 1124

equations: 1125

ht = fH(Whh · ht−1 +Whx · xt + bh), (10) 1126

1127
yt = fO(Who · ht + bo). (11) 1128

Despite their effectiveness in modeling sequen- 1129

tial data, RNNs are prone to the vanishing gradient 1130

problem, which limits their ability to capture long- 1131

term dependencies (Bengio et al., 1994). 1132

A.2 Transformer 1133

The Transformer is a sequence modeling architec- 1134

ture that relies on self-attention to capture long- 1135

range dependencies without recurrence (Vaswani 1136

et al., 2017). Given an input sequence represented 1137

as a matrix X ∈ Rn×d, self-attention projects X 1138

into query, key, and value representations via learn- 1139

able linear transformations: 1140

Q = XWQ, K = XWK , V = XW V ,
(12) 1141

where WQ ∈ Rd×dq , WK ∈ Rd×dk , and W V ∈ 1142

Rd×dv . The attention output is computed using 1143

scaled dot-product attention: 1144

Attention(Q,K, V ) = softmax

(
QK⊤
√
dk

)
V.

(13) 1145

To enhance representational capacity, the Trans- 1146

former employs multi-head attention, which ap- 1147

plies multiple attention operations in parallel: 1148

headi = Attention(QWQ
i ,KWK

i , V W V
i ),

(14) 11491150

MultiHead(Q,K, V )

= Concat(head1, . . . , headh)W
O,

(15) 1151

where h denotes the number of heads and WO 1152

is a learnable output projection. Multi-head at- 1153

tention allows the model to jointly attend to in- 1154

formation from different representation subspaces, 1155

forming the core computational primitive of the 1156

Transformer. 1157

B Compare RetNet with other models 1158

B.1 Breaking the Impossible Triangle. 1159

Table 1 highlights RetNet’s distinct position on 1160

the efficiency-performance. While standard Trans- 1161

formers suffer from quadratic O(N2) complexity, 1162
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Architecture
Inference (per token) Training (parallel)

Time Memory Time Memory

Transformer (Vaswani et al., 2017) O(N)† O(N)† O(N2)‡ O(N2)‡

Linear Transformer (Katharopoulos et al., 2020) O(1) O(1) O(N) O(N)

Hyena (Poli et al., 2023) O(N) O(1) O(N logN) O(N)

Mamba (Gu and Dao, 2023) O(1) O(1) O(N) O(N)

DeltaNet (Yang et al., 2025) O(1) O(1) O(N) O(N)

RWKV (Peng et al., 2023) O(1) O(1) O(N) O(N)

RetNet (Sun et al., 2023) O(1) O(1) O(N) O(N)

Table 1: Complexity Analysis of Backbone Architectures. Comparative analysis of RetNet against Transformer,
Mamba, RWKV, and other linear variants regarding time and memory complexity. N denotes the sequence length.
† Standard implementation without KV cache optimization implies O(N) memory growth. ‡ With optimizations
like FlashAttention, memory can be reduced to linear O(N), though time complexity remains quadratic.

RetNet achieves O(1) inference complexity via1163

its recurrent formulation, matching the efficiency1164

of Linear Transformers and Mamba. Crucially,1165

it preserves the O(N) parallel training capability,1166

effectively resolving the "impossible triangle" of1167

training parallelism, inference efficiency, and per-1168

formance. Unlike Hyena’s O(N logN) convolu-1169

tion, RetNet’s multi-scale retention offers a simpler,1170

purely linear alternative for long-sequence model-1171

ing.1172

B.2 Competitive Baseline at 1.3B Scale.1173

Table 2 provides a controlled evaluation at the 1.3B1174

parameter scale. In this fair setting, RetNet demon-1175

strates strong baseline capabilities across zero-shot1176

reasoning benchmarks (e.g., 70.07% on PIQA).1177

Although subsequent architectures like Mamba21178

achieve marginally higher accuracy (56.46% avg.)1179

through refined state-space optimizations, Ret-1180

Net (52.50% avg.) remains highly competi-1181

tive against concurrent linear architectures like1182

DeltaNet. These results validate RetNet not merely1183

as a theoretical innovation, but as a robust foun-1184

dational architecture that successfully unifies the1185

benefits of recurrence and attention.1186

C Audio1187

In recent years, RetNet has emerged as a com-1188

pelling alternative for audio-related research, of-1189

fering a robust solution for modeling long-range1190

dependencies without the quadratic overhead of1191

standard Transformers. This shift is evident in the1192

work of (Huang and Chen, 2024), who adapted the1193

EEND-EDA model for long-form speaker diariza-1194

tion by integrating a RetNet-based encoder. Follow-1195

ing this trajectory, Liang and Li (2024) introduced1196

LS-EEND, where the replacement of masked self- 1197

attention with Retention facilitates linear-time infer- 1198

ence and improved throughput. Beyond diarization, 1199

the utility of RetNet extends to the speech enhance- 1200

ment domain. Notably, the LRetUNet framework 1201

proposed by (Zhang et al., 2025b) employs a syn- 1202

ergistic combination of RetNet and LSTM units to 1203

optimize time-frequency representations, specifi- 1204

cally addressing the requirements of single-channel 1205

enhancement. 1206

D Others 1207

RetNet has found versatile applications in multi- 1208

ple domains, leveraging its capability to efficiently 1209

model long-term dependencies and handle complex 1210

sequential data. 1211

In multimodal representation learning, VL- 1212

MFER introduces a bidirectional RetNet (Bi- 1213

RetNet) that exploits both parallel and recursive 1214

forms of multiscale retention to fuse visual and 1215

language modalities (Guo et al., 2024). 1216

In the educational domain, a customized Reten- 1217

tive Module extends the original RetNet with a mul- 1218

tiscale retention layer, capturing not only the tempo- 1219

ral dependencies between student interactions but 1220

also their forgetting patterns, thereby enhancing the 1221

precision of learning state modeling (Linhao et al., 1222

2024). 1223

RetNet has also proven effective for time-series 1224

forecasting. LeRet leverages a causal retention en- 1225

coder alongside multiscale retention modules to 1226

enhance nonlinear feature extraction in repaired 1227

sequences (Huang et al., 2024b). In reinforce- 1228

ment learning-based recommender systems, Ret- 1229

Net substitutes traditional masked attention with 1230

a segmented multiscale retention scheme, signifi- 1231
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Model Wiki. LMB. LMB. PIQA Hella. Wino. ARC-e ARC-c Avg.
ppl ↓ ppl ↓ acc ↑ acc ↑ acc ↑ acc ↑ acc ↑ acc ↑ acc ↑

Controlled Setting: ∼1.3B Parameters

DeltaNet 17.71 16.88 42.46 70.72 50.93 53.35 68.47 35.66 53.60
Mamba 17.92 15.06 43.98 71.32 52.91 52.95 69.52 35.40 54.34
Mamba2 16.56 12.56 45.66 71.87 55.67 55.24 72.47 37.88 56.46
RetNet 19.08 17.27 40.52 70.07 49.16 54.14 67.34 33.78 52.50

Table 2: Zero-shot Performance Comparison (1.3B Scale). Performance comparison on language modeling and
common-sense reasoning benchmarks. All models are compared at the ∼1.3B parameter scale to ensure a fair
evaluation of architectural efficiency. Lower perplexity (ppl) and higher accuracy (acc) indicate better performance.

cantly improving efficiency and robustness in long-1232

range modeling (Wang et al., 2024b). For sequen-1233

tial recommendation, dual RetNet modules encode1234

both item and user history, enriching the person-1235

alized representation space (Wu, 2024). CFPSG1236

further incorporates RetNet into a unified frame-1237

work to support next-POI prediction by capturing1238

fine-grained temporal correlations (Feiyu, 2024).1239

RetNet’s architectural flexibility makes it well-1240

suited for modeling motion and control dynamics.1241

In EQNet, RetNet serves as the core of a struc-1242

tured state-space model, improving encoding effi-1243

ciency in multi-agent motion forecasting (Huang1244

et al., 2025b). Similarly, the NC-RetNet intro-1245

duces a non-causal retention mask to access both1246

past and future frames within blocks, improving1247

3D human pose estimation while maintaining low1248

latency (Zheng et al., 2024). In TT-DF, RetNet1249

powers the motion-guided branch, balancing long-1250

range dependency modeling and computational1251

cost (Yang et al., 2024a). For robotic manipula-1252

tion, it is employed to process time-series inputs1253

from learned impedance control dynamics (Okada1254

et al., 2024).1255

Language and reasoning tasks also benefit from1256

RetNet’s capabilities. In ASTE, a novel bidirec-1257

tional retention scheme inspired by RetNet bridges1258

sequential and syntactic modeling gaps, boost-1259

ing sentiment triplet extraction performance (Yang1260

et al., 2024c). For world modeling, RetNet sup-1261

ports observation, reward, and termination predic-1262

tion within REM, and is extended via the POP1263

mechanism to generate observation sequences in1264

parallel during imagination (Cohen et al., 2024).1265

System-level advancements further highlight1266

RetNet’s efficiency. A high-throughput FPGA in-1267

ference accelerator incorporates RetNet to max-1268

imize hardware utility via dual-mode structure1269

and linear computation (Nian et al., 2024). In1270

FlashVideo, RetNet functions as the decoder, with 1271

parallel retention for training and autoregressive 1272

decoding for inference (Lei et al., 2023). Sable 1273

introduces an encoder-decoder RetNet for MARL 1274

with cross-retention and dynamic state resetting 1275

to better capture long-term dependencies in online 1276

settings (Mahjoub et al., 2025). In software en- 1277

gineering, RetNet is adopted as the encoder for 1278

cloud software code generation from multimodal 1279

knowledge (Zhang et al., 2025a). 1280

In the domain of network analysis, RetNet 1281

proves invaluable in both encrypted and anoma- 1282

lous traffic scenarios. RN-ETE extends RetNet 1283

by incorporating a multi-resolution self-attention 1284

mechanism, enabling bidirectional retention within 1285

encrypted traffic encoding for more effective net- 1286

work traffic encryption and analysis (Qiu et al., 1287

2024). On the other hand, UARC applies RetNet’s 1288

retention-based reconstruction module to model 1289

long-term temporal patterns in network traffic, ad- 1290

dressing the challenges of anomaly detection in 1291

traffic streams (Xie et al., 2024a). 1292

In robotics, 3DMaSA (Domínguez-Vidal and 1293

Sanfeliu, 2024) adapts RetNet for predicting force 1294

and velocity signals, supporting safe and respon- 1295

sive human-robot interaction. In dynamic graph 1296

deep learning, Chang et al. (2024) proposed the 1297

Graph Retention Network (GRN) as a unified ar- 1298

chitecture for deep learning on dynamic graphs. 1299

1300

E Ecosystem and Tooling 1301

E.1 Training and Deployment Frameworks 1302

The current RetNet ecosystem is primarily sup- 1303

ported by the official Microsoft unilm repository 1304

and community integrations in HuggingFace. How- 1305

ever, there is a notable absence of RetNet in high- 1306

performance serving frameworks such as vLLM, 1307

Text Generation Inference (TGI), or NVIDIA’s 1308
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Model Domain Core Innovation Key Benefit vs. Vanilla RetNet

RMT (Fan et al., 2024) CV 2D Manhattan Decay: Decom-
poses decay into H/W axes.

Explicit modeling of 2D spatial
locality in images.

RetViT (Dongre and Mehta, 2024) CV Linear Backbone: Replaces
MHSA with standard MSR.

Linear complexity regarding to-
ken count; lower memory foot-
print.

GRetNet (Han et al., 2024) HSI Gaussian Decay: Weighted de-
cay based on spectral similarity.

Better capture of local spectral-
spatial features.

RetFormer (Erabati and Araujo, 2024) 3D 3D Spatial Decay: Adapted for
point cloud coordinates.

Effective long-range modeling in
3D sparse data.

DenseRetNet (He et al., 2024) NLP Dense Connections: Aggregates
hidden states across layers.

Improved gradient flow and train-
ing stability in deep models.

LION-D (Afzal et al., 2025) NLP Bidirectional Linear: Simpli-
fied decay for non-causal tasks.

Supports global context under-
standing with linear cost.

RetCompletion (Cang et al., 2024) Gen Bidirectional Inference: Dual-
path context fusion.

High-speed image generation and
inpainting compared to VQGAN.

Table 3: Comparative Summary of Representative RetNet Variants. The variants are categorized by their
primary adaptation domain. “Spatial Decay” indicates whether the model modifies the standard 1D exponential
decay to handle 2D/3D structures.

TensorRT-LLM.1309

E.2 Ecosystem Maturity Assessment1310

We categorize RetNet’s ecosystem as "early-stage."1311

For new practitioners, the lack of standardized,1312

industrial-verified evaluation pipelines (like those1313

available for Llama-based models) represents a sig-1314

nificant barrier. The "readiness" for seamless mi-1315

gration from Transformer-based infrastructure to1316

RetNet remains low due to the absence of plug-and-1317

play kernels.1318

E.3 Identified Engineering Bottlenecks1319

Based on our profiling of existing implementations,1320

the primary bottleneck is the I/O-bound nature of1321

recurrent state updates. Current GPU memory hier-1322

archies (HBM to SRAM) are optimized for large-1323

scale parallel MatMuls (compute-bound). RetNet’s1324

sequential hidden state updates require frequent1325

memory access, which currently lacks optimized1326

"Flash-Retention" kernels to minimize latency and1327

maximize hardware utilization on A100/H100 clus-1328

ters.1329
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