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Abstract001

Linearization has emerged as a strategy for002
developing efficient language models (LMs).003
Starting from an existing Transformer-based004
LM, linearization replaces the attention com-005
ponent with computationally efficient sub-006
quadratic token mixers. However, as an increas-007
ing number of mixers are proposed, it remains008
unclear which inductive biases are best suited to009
inherit the original Transformer’s capabilities.010
Furthermore, it is unknown how linearization011
is affected by parameter and token budget scal-012
ing. To address these questions, we propose013
a unified setup to compare seven representa-014
tive architectures, including xLSTM, GLA, and015
Gated DeltaNet. Our findings reveal that perfor-016
mance hierarchies remain stable from 140M to017
1.7B parameters, with error-correcting update018
rules demonstrating superior scaling exponents.019
We show that performance gaps are established020
early and persist through asymptotic maturity021
at 10B tokens, suggesting that state resolution022
is a more fundamental bottleneck than the distil-023
lation budget. Finally, while most models adapt024
to instruction tuning, only gated delta-rule for-025
mulations maintain the precision necessary for026
long-context retrieval, whereas additive models027
suffer from irreversible state saturation. These028
results suggest that for successful linearization,029
architectural inductive biases remain the pri-030
mary constraint that cannot be overcome by031
simply scaling training compute.032

1 Introduction033

Recent research has increasingly focused on lin-034

earization as a strategy for developing efficient035

language models (Bick et al., 2024; Mercat et al.,036

2024a; Zhang et al., 2024a; Wolf et al., 2020). This037

process involves taking a pretrained Transformer038

and converting it into a subquadratic student model039

by replacing the originalO(L2) self-attention layers040

with more efficient token mixers, such as linear at-041

tention or gated recurrences. While the student typ-042

ically retains the teacher’s pretrained feed-forward043

weights, it must undergo a phase of knowledge distil- 044

lation to adapt the new token mixer to the teacher’s 045

learned representations. The goal of linearization 046

is to produce models that maintain the performance 047

of large-scale Transformers while offering greatly 048

improved efficiency due to the linear-time inference 049

and constant-memory overhead characteristics of 050

subquadratic architectures. 051

However, as the variety of subquadratic token 052

mixers has increased, it has become difficult to de- 053

termine which specific inductive biases are most 054

effective for successful linearization. Current lit- 055

erature often reports results under heterogeneous 056

conditions—varying in model size, training budget, 057

and distillation objectives—which makes it chal- 058

lenging to isolate whether observed gains stem from 059

architectural design (such as the use of gating, de- 060

cay, or the delta rule) or from the specific training 061

recipe. 062

Beyond the choice of token mixer, critical ques- 063

tions remain regarding the scaling behavior and 064

downstream viability of linearized models. It is 065

currently unclear how the performance of these stu- 066

dents scales with both parameter count and the num- 067

ber of distillation tokens, or whether the advantages 068

of certain architectures persist as they grow from 069

millions to billions of parameters. Furthermore, 070

while the primary goal of linearization is to retain 071

the capabilities of the teacher, the extent to which 072

subquadratic students can successfully undergo in- 073

struction tuning or manage long-context retrieval 074

after distillation remains an open area of inquiry. 075

A unified evaluation framework. We address 076

these gaps by conducting a systematic empirical 077

study of seven representative subquadratic archi- 078

tectures, including xLSTM (Beck et al., 2024), 079

DeltaNet (Yang et al., 2025b), Gated DeltaNet 080

(Yang et al., 2025a), GLA (Yang et al., 2024), Ret- 081

Net (Sun et al., 2023), and Kimi (Team et al., 2025). 082

To isolate the tokenmixer as the primary variable, 083

we develop a three-stage distillation pipeline that 084
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aligns attention-outputs and hidden-states while085

holding the teacher model, data distribution, and086

training recipe constant. By abstracting the distilla-087

tion process from architecture-specific constraints,088

we provide each student with a dense supervision089

signal that enables a rigorous head-to-head compar-090

ison of their underlying state-update mechanisms.091

Our study yields three primary insights into the092

linearization of language models:093

• We scale student models from 140M to 1.7B094

parameters and observe that architectural per-095

formance hierarchies remain remarkably sta-096

ble across scales. While gated architectures097

consistently outperform ungated baselines, we098

identify a crossover at the 1.7B scale where099

error-correcting update rules begin to demon-100

strate superior scaling exponents compared to101

purely additive alternatives.102

• We evaluate the maturity of these architectures103

by extending distillation significantly beyond104

standard linearization recipes. Our findings105

indicate that relative performance gaps are es-106

tablished early in the training process and per-107

sist even as models approach their asymptotic108

limits, suggesting that the inherent state resolu-109

tion of the token mixer is a more fundamental110

bottleneck than the distillation token budget.111

• We evaluate the viability of linearized mod-112

els for downstream and long-context tasks by113

performing instruction tuning on the distilled114

students. While we find that subquadraticmod-115

els successfully adapt to instruction following,116

this process reveals a mixed picture regard-117

ing state resolution; specifically, most archi-118

tectures suffer from a collapse in long-context119

retrieval, with only gated delta-rule formula-120

tions maintaining the precision required for121

long-range associative recall.122

Taken together, these findings establish a clear123

hierarchy for subquadratic design and demonstrate124

that architectural choices such as error-correcting125

update rules are more decisive for successful lin-126

earization than simply increasing the distillation127

token budget.128

To facilitate further research into efficient archi-129

tectures and ensure the reproducibility of our find-130

ings, we publicly release all base, instruction-tuned,131

and instruction-distilled models1.132

1Redacted for submission.

2 Preliminaries and Related Work 133

2.1 Subquadratic Token Mixers 134

Subquadratic token mixers replace quadratic self- 135

attention with mechanisms that process sequences 136

recursively by updating a compact state as tokens 137

arrive. Rather than attending explicitly to all pre- 138

vious tokens, these models compress history into a 139

learned state that is incrementally updated, enabling 140

linear-time inference while shifting the burden of 141

long-range dependency modeling onto the state up- 142

date rule. 143

Across existing work, most subquadratic archi- 144

tectures differ along one central axis: how they re- 145

tain, overwrite, or forget information over time. We 146

group the models considered in this study according 147

to this principle. 148

State accumulation via linear attention. Linear 149

attention approximates softmax attention by refor- 150

mulating attention as a sum of key–value outer prod- 151

ucts stored in a state matrix. The state is updated 152

additively at each step and queried by the current to- 153

ken, yielding linear complexity in sequence length 154

but removing the explicit normalization and token- 155

level selectivity of softmax attention. A known 156

limitation of this formulation is the lack of explicit 157

forgetting, which can cause the state to become 158

dominated by stale or irrelevant information. Sev- 159

eral variants (Aksenov et al., 2024; Zhang et al., 160

2024b) address this by improving the feature map 161

or kernel, but the underlying update remains purely 162

additive. 163

Gated and decay-based state updates. An alterna- 164

tive design introduces explicit control over memory 165

retention through decay or gating. Rather than ac- 166

cumulating all past information, these models mod- 167

ulate the previous state before adding new content. 168

RetNet (Sun et al., 2023) applies a uniform decay 169

to the entire state, biasing the model toward recent 170

context, Gated Linear Attention (GLA) (Yang et al., 171

2024) refines this idea by applying channel-wise 172

decay, allowing different components of the state 173

to be forgotten at different rates. More expressive 174

variants introduce input and forget gates, drawing 175

inspiration from recurrent neural networks. Models 176

such as xLSTM (Beck et al., 2024) update their state 177

using multiplicative gates that regulate both how 178

much new information is written and how much 179

of the previous state is preserved. This enables 180

selective retention and controlled overwriting. 181

Delta-rule and content-based overwriting. Delta- 182

rule models (Yang et al., 2025b) adopt a content- 183
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Architecture Update Type Input Dep. State Update Rule Granularity

Outer Product Based Matrix-Valued State (Additive)

Linear Attn Additive - St = St−1 + ktv
>
t Ungated

RetNet Decay No St = γSt−1 + vtk
>
t Channel-wise

GLA Gated Decay Yes St = Diag(αt)St−1 + ktv
>
t Channel-wise (diag.)

mLSTM (xLSTM) Gated Decay Yes St = ftSt−1 + itvtk
>
t Head-wise Scalar

Delta-Rule (Overwriting)

DeltaNet Error-Correction Yes St = St−1(I − βtktk
>
t ) + βtvtk

>
t Scalar Overwrite

Gated DeltaNet Error-Correction Yes St = αtSt−1(I − βtktk
>
t ) + βtvtk

>
t Head-wise Scalar

Kimi (KDA) Error-Correction Yes St = Diag(αt)St−1(I − βtktk
>
t ) + βtvtk

>
t Channel-wise (diag.)

Table 1: Taxonomy of subquadratic token mixers. We distinguish between additive accumulation, gated decay, and
content-aware overwriting (Delta-rule). Formulas illustrate how the state St ∈ Rdk×dv is updated per timestep.

aware update mechanism that partially overwrites184

state components aligned with the current input.185

This induces a form of last-write-wins memory,186

where new evidence replaces older, related informa-187

tion. Gated variants, such as Gated DeltaNet (Yang188

et al., 2025a) and Kimi (Team et al., 2025), com-189

bine this overwrite rule with decay terms, providing190

fine-grained control over memory retention. Rather191

than approximating attention kernels, these models192

replace token-level selection with structured state193

updates.194

2.2 Linearizing Pretrained Transformers195

Rather than training subquadratic language models196

from scratch, a growing body of work studies how to197

linearize pretrained Transformers by replacing soft-198

max attention with more efficient token mixers and199

transferring knowledge via distillation (Hinton et al.,200

2015). Early approaches focused on fine-tuning201

pretrained models with recurrent or decaying atten-202

tion mechanisms (Kasai et al., 2021; Mao, 2022),203

demonstrating that pretrained representations can204

be partially preserved despite architectural changes.205

More recent work has proposed increasingly206

structured linearization pipelines. SUPRA (Mercat207

et al., 2024b) introduces a scalable uptraining frame-208

work that converts pretrained Transformers into209

recurrent architectures through progressive adap-210

tation. LoLCATs (Zhang et al., 2024a) combines211

low-rank adaptation (Hu et al., 2021) with attention212

transfer to approximate softmax attention efficiently.213

MOHAWK (Bick et al., 2024) proposes a staged214

distillation procedure that aligns materialized atten-215

tion maps between teacher and student, enabling216

the transfer of quadratic attention behavior into sub-217

quadratic models.218

Subsequent extensions integrate architec- 219

tural reuse and instruction tuning. Mamba- 220

LLaMA (Wang et al., 2025b) applies progressive 221

distillation to Mamba-based students, LIGER (Lan 222

et al., 2025) constructs gating modules with 223

additional mechanisms such as sliding-window 224

attention, and Yueyu et al. (2025) linearize Qwen- 225

2.5 using RWKV-style blocks with hidden-state 226

alignment. LIZARA (Nguyen et al., 2025) further 227

augments subquadratic token mixers with adaptive 228

memory modules. 229

In contrast to prior work that typically tar- 230

gets a single student architecture or emphasizes 231

attention-map reconstruction, our study adopts 232

an architecture-agnostic linearization framework 233

based on attention-output and hidden-state align- 234

ment. This enables direct comparison of diverse 235

subquadratic token mixers under identical train- 236

ing conditions, isolating the effects of state-update 237

mechanisms, gating, and scaling behavior. As 238

Mamba-style (Dao and Gu, 2024) models have al- 239

ready been extensively explored, we focus on alter- 240

native architectures spanning additive, gated, and 241

delta-rule–based update families. 242

3 Linearization Framework 243

We train subquadratic student models via a three- 244

stage distillation pipeline that progressively aligns 245

the student with a pretrained Transformer teacher. 246

The pipeline is designed to stabilize optimization, 247

isolate the token mixer as the primary source of 248

variation, and enable fair comparison across archi- 249

tectures. All student models are initialized by copy- 250

ing all parameters from the teacher model, while 251

newly introduced parameters are initialized from 252
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scratch.253

In contrast to prior approaches such as MO-254

HAWK, which directly align the teacher’s attention255

maps with materialized attention maps of the stu-256

dent, we align the full attention output produced by257

the token mixer. Direct attention-map alignment is258

inherently tied to attention-specific inductive biases259

and primarily constrains query–key interactions.260

Aligning the complete attention output instead pro-261

vides a denser supervision signal and is model-262

agnostic, as it remains well-defined across linear263

attention, gated recurrent, and state-update–based264

token mixers.265

Stage 1: Token-mixer (attention-output) align-266

ment. In the first stage, we align the student’s267

token mixer with the teacher’s attention output. For268

each aligned layer `, we minimize a mean squared269

error loss270

L`
AO =

∥∥∥a`S(x)− a`T (x)
∥∥∥2
2
. (1)271

The overall attention-output alignment objective is272

LAO =
1

|L1|
∑
`∈L1

L`
AO, (2)273

where L1 denotes the set of aligned layers. This274

stage directly supervises the complete token-mixing275

pathway, including value projections, output pro-276

jections, and gating mechanisms.277

Stage 2: Hidden-state alignment. In the second278

stage, we align intermediate hidden representations279

of teacher and student. For each selected layer `,280

we minimize the mean squared `2 distance281

L`
H2H =

1

T

T∑
t=1

∥∥∥h`S(x)t − h`T (x)t

∥∥∥
2
. (3)282

Aggregating over a set of layersL2, the hidden-state283

alignment loss is284

LH2H =
1

|L2|
∑
`∈L2

L`
H2H. (4)285

Stage 3: End-to-end knowledge distillation. In286

the final stage, we train the student end-to-end us-287

ing standard knowledge distillation. The objective288

combines next-token prediction with distribution289

matching:290

LKD = LCE + λKLLKL, (5)291

where the distillation loss is defined as 292

LKL =
1

T

T∑
t=1

KL
(
pT (· | x≤t) ‖ pS(· | x≤t)

)
.

(6) 293

The three objectives are applied sequentially. 294

This staged optimization improves stability and pre- 295

vents interference between alignment signals, en- 296

abling controlled comparison of subquadratic token 297

mixers under a unified training protocol. 298

4 Experiments 299

We select seven representative subquadratic token 300

mixers to enable controlled comparisons along two 301

key architectural axes: the update rule and the pres- 302

ence and granularity of gating. Specifically, we con- 303

sider two dominant update families - outer-product 304

additive updates and delta-rule–based updates - 305

and, within each family, architectures with head- 306

wise scalar gating as well as channel-wise gating. 307

Within the outer-product family, we include Lin- 308

ear Attention as an ungated baseline, GLA (Yang 309

et al., 2024) as a channel-wise gated variant, and 310

xLSTM (Beck et al., 2024) as a head-wise scalar 311

gated model with input-dependent gating. Within 312

the delta-rule family, we include DeltaNet (Yang 313

et al., 2025b) as a channel-wise gated model, Gated 314

DeltaNet (Yang et al., 2025a) as a head-wise scalar 315

gated variant and Kimi (Team et al., 2025) as a 316

channel-wise gated variant. In addition, we include 317

RetNet (Sun et al., 2023), which employs a head- 318

wise scalar but input-independent retention gate and 319

thus occupies a distinct position between ungated 320

and input-dependent gated models. 321

This selection spans ungated, input-independent 322

gated, and input-dependent gated architectures 323

across both update families, enabling systematic 324

analysis of which inductive biases most strongly af- 325

fect distillation and instruction tuning performance. 326

We validate the computational efficiency of all sub- 327

quadratic models in Appendix C. 328

4.1 Experiment 1: Comparison Across Model 329

Size 330

Our first inquiry establishes the relative ranking 331

of these eight subquadratic architectures under a 332

unified framework and investigates whether these 333

performance hierarchies remain stable as model 334

capacity increases. 335
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Model Avg. Recov. Rank

Scale: ∼140M Parameters
Teacher: SmolLM2-135M 44.6 100% –
xLSTM 41.3 92.6% 1
Kimi 40.3 90.2% 2
Gated DeltaNet 39.5 88.5% 3
GLA 39.1 87.6% 4
RetNet 38.4 86.1% 5
DeltaNet 38.0 85.1% 6
Linear Attn 32.7 73.2% 7

Scale: ∼360M Parameters
Teacher: SmolLM2-360M 53.1 100% –
xLSTM 47.7 89.8% 1
Gated DeltaNet 46.3 87.2% 2
GLA 45.6 85.8% 3
Kimi 43.9 82.7% 4
RetNet 43.7 82.2% 5
DeltaNet 41.5 78.0% 6
Linear Attn 37.2 70.1% 7

Scale: ∼1.7B Parameters
Teacher: SmolLM2-1.7B 62.9 100% –
Gated DeltaNet 59.2 94.2% 1
xLSTM 57.6 91.6% 2
DeltaNet 55.7 88.6% 3
RetNet 54.8 87.1% 4
GLA 54.4 86.5% 5
Kimi 51.5 82.0% 6
Linear Attn 44.6 70.9% 7

Table 2: Summary of zero-shot downstream perfor-
mance across scales. Recovery (Recov.) denotes the
percentage of teacher performance retained by the lin-
earized student. Models are ranked per scale by average
performance.

4.1.1 Experimental Setup336

Token budget. We train all architectures on337

a fixed budget of 3B tokens sampled from338

FineWeb (Penedo et al., 2024). Prior work has339

shown that a 3B token budget yields state-of-the-340

art models through linearization (Bick et al., 2024).341

Text is concatenated and chunked into fixed-length342

sequences of 512 tokens. Following the distillation343

protocol of Bick et al. (2024), we allocate fixed344

token budgets for two alignment objectives: 80M345

tokens for matrix-mixing distillation and 160M for346

hidden-state alignment.347

Model sizes. We instantiate all seven subquadratic348

architectures at three scales: 140M, 360M, and349

1.7B parameters. As teachers, we use the SmolLM2350

family (Allal et al., 2025), a series of Llama-style351

Transformer models. Each teacher corresponds in352

parameter count to our student sizes: SmolLM2-353

135M, SmolLM2-360M, and SmolLM2-1.7B2.354

Evaluation. Student and teacher models are eval-355

2Note that since specific token mixers utilize different inter-
nal layer structures, parameter counts are matched as closely
as possible but are not exactly identical across architectures.

Figure 1: Average evaluation score for all 7 (+ teacher)
considered token mixers at three model sizes. All archi-
tectures markedly improve at larger model sizes, though
some architectures, such as Gated DeltaNet, benefit most
from model scaling.

uated on seven zero-shot tasks using the LM- 356

Eval-Harness (Gao et al., 2023) and LM-Pub- 357

Quiz (Ploner et al., 2024) frameworks: LAM- 358

BADA (Paperno et al., 2016), WinoGrande (Sak- 359

aguchi et al., 2019), ARC-Easy and ARC- 360

Challenge (Clark et al., 2018), PIQA (Bisk et al., 361

2019), HellaSwag (Zellers et al., 2019) and 362

BEAR (Wiland et al., 2024). LAMBADA results 363

are reported as the mean of its Standard and OpenAI 364

variants. 365

4.1.2 Results 366

Our results are summarized in Figure 1 and Table 2. 367

As Figure 1 shows, we observe smooth, monotonic 368

scaling across all eight architectures with no signs 369

of divergence or early saturation. This confirms that 370

the considered subquadratic models can be trained 371

stably via distillation across a wide parameter range. 372

However, as Table 2 shows, scaling effi- 373

ciency—the ability to close the performance gap to 374

the Transformer teacher—differs markedly between 375

architectures. Gated state-update models, such as 376

xLSTM and Gated DeltaNet, consistently define the 377

Pareto frontier across all scales. A key discovery 378

in our comparison is the shift in the performance 379

hierarchy at the largest scale: while xLSTM main- 380

tains the highest recovery at 140M and 360M, we 381

observe a notable ”crossover” at 1.7B, where Gated 382

DeltaNet emerges as the top performer with 94.2% 383

recovery. This suggests that error-correction mecha- 384

nisms, such as the Delta-rule, may possess superior 385

scaling laws as model capacity increases. 386

Among attention-inspired approaches, GLA and 387

RetNet exhibit nearly identical scaling trajectories, 388
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Figure 2: Token scaling behavior during training. We evaluate each 1B tokens of training and report average scores
across all benchmarks.

with GLA maintaining a consistent but narrow lead.389

Conversely, feature-map-based Linear Attention390

lags substantially behind. Critically, the perfor-391

mance gap between Linear Attention and gated392

models widens as size increases (from a∼14% gap393

at 140M to ∼20% at 1.7B), suggesting that its defi-394

ciencies are intrinsic to the architecture and cannot395

be overcome simply by increasing parameter count.396

4.2 Experiment 2: Asymptotic Performance397

and State Resolution398

While Experiment 1 established scaling laws rela-399

tive to parameter count, it did not address whether400

weaker architectures simply require more data to401

converge. In this experiment, we evaluate the ”ma-402

turity” of these models by fixing the size at ∼1.7B403

parameters and extending training to 10B tokens.404

This allows us to observe both the asymptotic knowl-405

edge limit (via downstream benchmarks) and the406

state resolution (via retrieval tasks) of each archi-407

tecture.408

4.2.1 Asymptotic Knowledge Scaling409

We train over 10B tokens sampled from FineWeb410

and use the same token splits for the three lineariza-411

tion phases. We checkpoint the models after each412

1B tokens of training. Each checkpoint is evaluated413

on the same benchmarks as in Experiment 1.414

Results. As shown in Figure 2, all architectures ben-415

efit from additional training. However, the results416

confirm that more data does not close the architec-417

tural gap.418

Gated state-update models, specifically Gated419

DeltaNet and xLSTM, maintain their lead through-420

out training, with performance largely plateauing 421

after 6–7B tokens. In contrast, ungated models 422

such as RetNet and DeltaNet saturate earlier and at 423

a significantly lower level. This suggests that the 424

performance differences observed in Experiment 1 425

are not a consequence of undertraining, but rather 426

represent fundamental limits in how different token 427

mixers compress information into their recurrent 428

states. 429

4.2.2 Retrieval and State Resolution 430

A model’s ability to accumulate knowledge over 431

10B tokens is inextricably linked to its ability to 432

manage its internal state. To probe the ”resolution” 433

of these states, we evaluate the 10B-token check- 434

points on three ”Needle-In-A-Haystack” (NIAH) 435

tasks (Hsieh et al., 2024). In NIAH, models are 436

tasked to retrieve a specific piece of information 437

(the ”needle”) from a long sequence of tokens. 438

Results. The retrieval results in Table 3 reveal a 439

pervasive collapse in state resolution across most 440

subquadratic architectures as sequence length in- 441

creases. While some models achieve high accu- 442

racy at a 512-token context, performance degrades 443

rapidly at medium sequence lengths. Linear Atten- 444

tion and RetNet fail almost entirely beyond the 512- 445

token mark, while competitive gated models like 446

xLSTM and DeltaNet experience a dramatic loss in 447

precision at 2k tokens, dropping to 25.2% and 0.0% 448

respectively on S-NIAH-1. This suggests that for as- 449

sociative or simple gated mixers, the fixed-size state 450

becomes ”saturated” or ”noisy” as it accumulates 451

more information, lacking the necessary precision 452

for long-range associative recall. 453
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S-NIAH-1 (Pass-key) S-NIAH-2 (Number) S-NIAH-3 (UUID)

Model 512 1k 2k 4k 512 1k 2k 4k 512 1k 2k 4k

Gated DeltaNet 99.4 97.8 81.8 29.8 99.0 93.4 55.0 15.6 16.4 3.2 1.2 0.4
xLSTM 95.8 78.0 25.2 8.4 98.6 82.2 32.0 8.6 6.2 0.4 0.0 0.0
DeltaNet 98.8 96.2 0.0 0.0 99.2 77.0 24.6 0.0 1.8 0.0 0.0 0.0
Kimi 33.4 7.4 2.0 0.8 91.8 15.2 7.8 3.4 0.0 0.0 0.0 0.0
GLA 10.6 1.0 0.0 0.0 50.0 13.0 3.0 1.6 0.0 0.0 0.0 0.0
RetNet 10.4 0.0 0.0 0.0 30.2 10.2 0.0 0.0 0.0 0.0 0.0 0.0
Linear Attn 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Table 3: Needle-In-A-Haystack (NIAH) performance of distilled models at 10B tokens. Scores represent retrieval
accuracy (%). Gated DeltaNet demonstrates significantly higher state resolution at extended context lengths.

In contrast, Gated DeltaNet exhibits significantly454

more robust state-management compared to the455

other subquadratic alternatives. It is the only archi-456

tecture in our study to preserve a degree of retrieval457

success at 2k and 4k contexts, achieving 81.8% ac-458

curacy on S-NIAH-1 at 2k tokens—a substantial459

margin over the next-best student model (xLSTM).460

While this still falls short of the near-perfect re-461

trieval typically observed in Transformer teachers462

with explicit KV-caches, the divergence indicates463

that the gated Delta-rule provides a more effective464

mechanism for targeted state updates.465

4.3 Experiment 3: Instruction Adaption:466

Post-Training vs. Instruction-Aware467

Distillation468

A key open question in linearizing pretrained lan-469

guage models is whether subquadratic students470

can successfully acquire instruction-following be-471

haviour, and how this capability depends on the tim-472

ing and role of distillation. Prior work has explored473

instruction tuning either as a post-training adapta-474

tion step or as part of the distillation pipeline from475

instruction-tuned teachers. We comparatively eval-476

uate both setups to isolate the effect of instruction477

supervision versus instruction-aware distillation478

4.3.1 Experimental Setup479

We evaluate instruction adaption at the ~1.7B pa-480

rameter scale, starting from student models trained481

for 10B tokens as described in Experiment 2. We482

consider two complementary adaption regimes:483

1. Post-training instruction tuning: Linearized484

models are fine-tuned directly on the SmolTalk485

dataset, containing 1.1M instruction-response486

pairs ( 1B tokens), using the same optimiza-487

tion recipe 3 employed to train SmolLM2-1.7B-488

3Recipe: https://github.com/huggingface/
alignment-handbook/tree/main/recipes/smollm2

Instruct (Allal et al., 2025). No teacher model 489

or distillation loss is used in this setting. 490

2. Instruction-aware distillation: Students are 491

initialized from SmolLM2-1.7B-Instruct and 492

undergo Stage 1 and Stage 2 distillation (1B 493

tokens total) followed by instruction tuning 494

with a Stage 3 distillation loss on SmolTalk. 495

All adapted models are evaluated on both 496

zero-shot downstream benchmarks and instruction- 497

following tasks, including IFEval (Zhou et al., 498

2023), GSM8K (Cobbe et al., 2021), SWDE and 499

LongBench (Bai et al., 2024a)4, enabling direct 500

comparison between adaption strategies. 501

4.3.2 Results 502

Post-training instruction tuning amplifies archi- 503

tectural differences. Instruction tuning consis- 504

tently improves performance across all subquadratic 505

architectures, demonstrating that linearized mod- 506

els remain trainable after distillation. However, the 507

magnitude of improvement varies systematically 508

with the underlying token mixer. Architectures 509

that already exhibit strong pretraining performance, 510

most notably gated state-update models such as 511

xLSTM and Gated DeltaNet, benefit substantially 512

more from instruction tuning, while weaker archi- 513

tectures show limited gains. As a result, instruction 514

tuning amplifies existing performance differences 515

rather than reducing them 516

Instruction-aware distillation is inconsistent and 517

degrades long-context performance. Instruction- 518

aware distillation from an instruction-tuned teacher 519

does not provide a consistent advantage over the 520

pretraining-plus-post-training setup. While chat 521

distillation can outperform direct instruction tuning 522

on selected downstream instruction benchmarks, 523

4To evaluate long-context capabilities, we include five sub-
sets from LongBench (Bai et al., 2024b): WikiMQA, Multi-
FieldQA, NarrativeQA, TREC, and TriviaQA.
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Zero-Shot Retrieval Instruction Following & Reasoning

Model LLM Avg NIAH-S Avg IFEval GSM8K SWDE LongB.

Regime A: Post-Training Adaptation (Teacher: SmolLM2-1.7B + SmolTalk SFT 1 Epoch)

Teacher Baseline 70.24 99.31 56.71 42.08 23.85 17.45

Gated DeltaNet 61.07 57.33 40.89 8.28 13.33 17.74
xLSTM 60.52 47.15 45.08 10.17 14.03 16.68
GLA 56.59 10.78 40.89 8.28 13.33 17.74
DeltaNet 56.29 39.38 36.21 9.72 3.62 2.27
RetNet 56.29 6.28 32.61 6.39 9.67 2.05
Kimi 50.68 17.36 32.61 8.01 14.31 6.82
Linear Attn 44.70 0.00 24.46 1.62 2.21 0.00

Regime B: Instruction-Aware Distillation (Teacher: SmolLM2-1.7B-Instruct)

Teacher Baseline 70.57 98.06 60.19 49.51 22.32 25.64

Gated DeltaNet 55.35 47.33 47.12 20.02 10.08 15.24
Deltanet 55.34 40.10 42.17 13.12 9.36 13.23
RetNet 53.69 10.61 31.06 2.81 7.11 7.98
xLSTM 51.64 10.41 41.73 13.50 8.10 14.91
GLA 49.11 4.35 29.50 5.84 5.13 10.79
Kimi 44.38 4.48 30.58 6.07 6.30 8.91
Linear Attn 31.28 0.00 22.78 0.00 1.40 2.00

Table 4: Comparison of instruction-following performance across two adaptation strategies. Regime A evaluates
the effectiveness of standard post-training SFT on linearized base models, while Regime B examines a holistic
instruction-aware distillation pipeline. Each regime is contrasted against its respective Transformer teacher to
measure relative recovery of specialized capabilities.

its effects vary across architectures. More criti-524

cally, instruction-distilled models exhibit substan-525

tially worse performance on long-context retrieval526

benchmarks such as NIAH and LongBench. These527

degradations mirror the long-context failures ob-528

served prior to instruction adaptation, indicating529

that instruction-aware distillation does not compen-530

sate for insufficient state resolution in the student531

architecture. Taken together, these results show532

that instruction adaptation does not alter the fun-533

damental architectural constraints imposed during534

linearization. Post-training instruction tuning re-535

liably improves performance but primarily bene-536

fits already strong models, while instruction-aware537

distillation introduces additional variance without538

improving long-context robustness. The ability539

to selectively retain and overwrite information re-540

mains the dominant factor governing instruction-541

following performance in linearized language mod-542

els.543

5 Conclusion544

We present a systematic empirical evaluation of sub-545

quadratic language models trained via knowledge546

distillation from Transformer teachers. By compar-547

ing diverse token mixers under a unified training548

and evaluation setup, we isolate the effect of archi-549

tectural design from confounding factors such as 550

data, optimization, and post-training procedures. 551

Our results show that while subquadratic mod- 552

els can be trained stably across scales, architec- 553

tural choices induce persistent performance gaps. 554

Models based on delta-rule updates and gated re- 555

current mechanisms consistently outperform outer- 556

product–based linear attention. In particular, head- 557

wise or scalar gating enables more effective mem- 558

ory control and long-range information retention 559

than channel-wise diagonal gating. 560

We further find that post-training adaptation, in- 561

cluding instruction tuning and instruction-level dis- 562

tillation, amplifies pretraining differences rather 563

than compensating for weaker inductive biases. 564

This suggests that selective memory and controlled 565

forgetting are prerequisites for effective down- 566

stream alignment, rather than properties recover- 567

able through supervision alone. 568

Overall, our findings indicate that the success of 569

linearizing language models depends primarily on 570

the structure of the token mixer, providing a clearer 571

empirical basis for designing efficient alternatives 572

to quadratic attention. By releasing our models 573

and findings, we aim to support further progress in 574

subquadratic language modeling. 575
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Limitations576

While our study provides a comprehensive empiri-577

cal comparison of subquadratic language models,578

several limitations should be noted.579

First, we restrict our analysis to a fixed Trans-580

former teacher family. Although this enables581

controlled comparisons across student architec-582

tures, different teacher models or pretraining583

objectives may induce different transfer dynamics.584

585

Second, we do not investigate hybrid archi-586

tectures (intra- or inter-layer) that combine587

multiple token mixers within or across layers. Such588

designs would substantially expand the design589

space beyond the scope of this work. Moreover,590

while hybrid token-mixer architectures are an active591

area of research, prior work suggests that hybrid592

performance cannot be predicted from standalone593

components (Wang et al., 2025a), motivating our594

focus on isolating single-mixer architectural effects.595

596

Finally, our analysis focuses primarily on597

downstream performance and scaling behavior.598

We do not conduct a detailed mechanistic or599

qualitative analysis of internal dynamics, such as600

gating behavior, which could provide additional601

insight into why certain architectures align more602

effectively than others.603
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large language models. Preprint, arXiv:2311.07911.795

A Full Results: Experiment 1796

This section reports full downstream evaluation re-797

sults for the model size scaling experiment (Experi-798

ment 1). All models were trained on 3B distillation799

tokens. We include per-model and per-task scores800

for all student architectures at each parameter scale,801

corresponding to the averaged results summarized802

in the main text.803

B Full Results: Experiment 3804

This section provides detailed results for Experi-805

ment 3. We report results for the standard post-806

trained student models, aswell as the chat-distilled807

models. For reference, we include results for808

a SmolLM2-1.7B model trained with the same809

regime (1 Epoch on Smoltalk) and the teacher810

model for the chat distillation.811

C Efficiency Comparison: Prefilling and812

Decoding Speed813

While each subquadratic architecture should scaling814

linearly with sequence length during decoding, we815

validate trainind and decoding times for all models816

and compare them against a standard transformer817

architecture (teacher model) in Figure 3. All models818

are based on the SmollM2-1.7B teacher model with819

comparable parameter count.820
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Model Lamb.
acc.

Wino.
acc.

Arc-E
acc.n.

Arc-C
acc.n.

Piqa
acc.n.

Hell.
acc.n.

BEAR
acc.

Avg. Recov.

Scale: ∼140M Parameters
SmolLM2-135M (Teacher) 39.16 51.93 58.67 29.61 68.01 43.23 21.84 44.64 100.0%
Gated DeltaNet 22.92 51.85 51.89 28.24 65.40 38.10 18.17 39.51 88.52%
xLSTM 27.39 50.91 54.12 28.84 66.54 39.10 22.28 41.31 92.55%
Kimi 22.28 53.20 51.47 28.58 65.45 37.81 23.11 40.27 90.22%
GLA 22.04 52.25 51.52 27.13 65.29 37.19 18.35 39.11 87.62%
RetNet 17.02 53.35 49.96 26.54 64.69 35.81 21.54 38.42 86.06%
DeltaNet 17.09 51.38 49.96 27.90 65.29 35.66 18.63 37.99 85.10%
Linear Attn 9.51 50.75 42.85 22.35 61.86 30.88 10.56 32.68 73.21%

Scale: ∼360M Parameters
SmolLM2-360M (Teacher) 49.29 58.72 68.22 37.88 71.98 56.33 29.45 53.12 100.0%
Gated DeltaNet 31.79 55.17 60.19 32.34 69.80 49.80 25.14 46.32 87.19%
xLSTM 37.30 56.43 60.06 32.76 71.38 51.24 24.80 47.71 89.81%
Kimi 26.96 52.01 57.70 30.38 69.64 47.09 23.81 43.94 82.71%
GLA 29.85 55.88 59.81 31.31 70.08 48.13 24.15 45.60 85.84%
RetNet 26.06 54.06 56.86 30.29 68.99 46.23 23.23 43.67 82.21%
DeltaNet 23.02 51.78 54.38 28.92 68.34 44.61 19.07 41.45 78.02%
Linear Attn 16.95 50.99 49.33 25.60 65.51 37.74 14.37 37.21 70.05%

Scale: ∼1.7B Parameters
SmolLM2-1.7B (Teacher) 64.95 65.82 73.32 47.18 77.37 71.40 39.93 62.85 100.0%
Gated DeltaNet 55.90 64.80 69.10 41.90 76.10 66.80 39.93 59.22 94.22%
xLSTM 52.70 63.30 67.10 39.80 75.80 64.90 39.25 57.55 91.56%
Kimi 42.20 57.50 60.70 35.30 73.40 59.70 31.89 51.53 81.98%
GLA 50.10 57.20 64.60 37.20 74.60 62.70 34.29 54.38 86.53%
RetNet 50.00 58.60 65.80 38.80 74.80 62.90 32.44 54.76 87.13%
DeltaNet 51.00 61.20 67.70 39.80 73.70 63.20 33.11 55.67 88.58%
Linear Attn 30.90 53.70 55.10 31.30 69.60 52.50 18.94 44.58 70.92%

Table 5: Experiment 1: Complete Zero-shot downstream benchmarks across all scales.

Figure 3: The prefilling and decoding time of all 1.7B distilled models for different input and decoding lengths. All
models exhibit linear scaling for ingesting input and constant time for generating tokens.
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Model Lamb.
acc.

WinoG.
acc.

Arc-E
acc. norm.

Arc-C
acc. norm.

PIQA
acc_norm

HellaS.
acc. norm.

BEAR
acc.

Avg.↑

Post Training
Teacher (SmolLM2-1.7B, fine-tuned) 61.61 67.25 66.46 42.58 76.55 70.82 36.94
70.24
Linear Attn 26.11 52.09 45.16 29.35 66.81 48.67 25.21
Retnet 48.01 61.56 55.85 36.01 74.05 62.26 32.19
GLA 49.48 60.30 56.19 35.75 74.37 63.47 32.67
xLSTM 54.62 65.43 63.59 37.63 75.30 66.58 37.49
Deltanet 47.33 58.09 59.89 36.95 73.23 62.25 29.57
Gated Deltanet 54.41 65.11 64.77 39.85 75.30 66.97 36.87
Kimi 40.03 56.99 44.95 32.08 70.62 59.39 28.66

Chat Distilled
Teacher (SmolLM2-1.7B-Instruct) 61.10 68.19 63.13 44.03 76.12 71.82 39.06
Linear Attn 0.38 50.12 33.08 20.39 55.55 28.16 5.49
Retnet 43.14 59.98 60.19 34.04 72.63 52.16 25.97
GLA 28.28 54.22 55.85 32.42 69.15 54.75 17.60
xLSTM 41.19 60.14 52.10 31.14 68.17 57.07 20.51
Deltanet 41.89 58.41 59.97 37.80 72.42 61.70 27.21
Gated Deltanet 41.93 57.93 60.10 37.97 72.36 61.83 27.04
Kimi 12.48 50.59 53.32 32.42 68.06 49.43 11.29

Table 6: Experiment 3: Performance of linearized models after post-training instruction tuning and instruction-aware
distillation. Results are reported across instruction-following, reasoning, and long-context benchmarks.

S-NIAH-1
(pass-key retrieval)

S-NIAH-2
(number in haystack)

S-NIAH-3
(uuid in haystack)

Model 512 1k 2k 4k 512 1k 2k 4k 512 1k 2k 4k

Post Training
Teacher (SmolLM2-1.7B, fine-tuned) 100 100 100 100 100 100 99.8 99.8 100 99.8 97.4 95.0
Linear Attn 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Retnet 12.4 1.0 0.0 0.0 47.8 13.8 0.4 0.0 0.0 0.0 0.0 0.0
xLSTM 99.2 93.8 64.6 17.6 99.4 89.4 48.8 15.2 30.2 3.8 3.2 0.6
GLA 18.2 7.0 0.6 0.4 76.4 20.8 4.0 2.0 0.0 0.0 0.0 0.0
Deltanet 98.6 99.4 0.0 0.0 99.6 92.8 62.4 0.0 18.2 1.6 0.0 0.0
Gated Deltanet 99.8 99.4 98.0 65.8 99.4 95.0 58.2 21.6 32.2 12.0 4.6 2.0
Kimi 57.2 9.6 2.6 0.6 97.4 25.4 11.4 4.2 0.0 0.0 0.0 0.0

Chat Distilled
Teacher (SmolLM2-1.7B-Instruct) 99.8 99.8 98.2 100 100 86.6 98.6 99.6 100 94.4 100 99.8
Retnet 13.4 0.2 0.0 0.0 89.0 24.8 0.0 0.2 0.0 0.0 0.0 0.0
GLA 1.4 0.0 0.0 0.0 49.4 1.4 0.0 0.0 0.0 0.0 0.0 0.0
xLSTM 19.8 3.4 1.0 0.8 70.0 26.0 2.2 1.8 0.0 0.0 0.0 0.0
Deltanet 98.0 94.2 63.2 22.2 99.0 90.8 50.6 11.6 0.6 0.0 0.0 0.0
Gated Deltanet 98.6 98.0 72.4 24.0 99.6 91.8 59.0 17.0 7.6 0.0 0.0 0.0
Kimi 0.4 0.0 0.0 0.0 52.2 1.2 0.0 0.0 0.0 0.0 0.0 0.0

Table 7: Experiment 3: Full results for the NIAH-S task of the RULER benchmark.

13


	Introduction
	Preliminaries and Related Work
	Subquadratic Token Mixers
	Linearizing Pretrained Transformers

	Linearization Framework
	Experiments
	Experiment 1: Comparison Across Model Size
	Experimental Setup
	Results

	Experiment 2: Asymptotic Performance and State Resolution
	Asymptotic Knowledge Scaling
	Retrieval and State Resolution

	Experiment 3: Instruction Adaption: Post-Training vs. Instruction-Aware Distillation
	Experimental Setup
	Results


	Conclusion
	Full Results: Experiment 1
	Full Results: Experiment 3
	Efficiency Comparison: Prefilling and Decoding Speed

